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Abstract

Dispersal and interaction networks underlie many ecological systems, often
dictating spatio-temporal dynamics as well as emergent patterns. The mode
and time scales of dispersal can vary considerably depending on whether
ecosystems exist in contiguous landscapes or in island-like configurations. In
particular, island systems have been extensively studied for many ecological
processes, in part because of the simplicity in representing processes such as
immigration of organisms from outside. This representation has also been used
in many other habitats, such as mountain tops which can also be considered
island-like because of their isolation and similar properties of immigration.

Immigration could result from species that already exist on the islands
or those that are novel. This distinction connects to the concept of species
invasions which are driven by new species not present in an ecosystem before.
Invasions can be seen as an important part of how ecosystems are assembled.
Invasive species can also have disruptive impacts on systems like islands, which
for example can introduce novel species like predators. Invasions serve as a
useful representation of various means and ends of biological processes, and
hence their study has extended way beyond their initial scope.

Dispersal, interactions and invasions have implications ranging from estab-
lishment of distinct subpopulations of individual species to large scale spatial
patterns that define ecosystems. Such implications and frameworks to explain
them are the central themes of this thesis.

One of the systems we study consists of sites along a coastal landscape that
harbours the seagrass Halodule uninervis. The task is to partition the entire
population into subpopulations that have very little dispersal across them.
We use an algorithm to aggregates sites that are more strongly connected in
the same subpopulation for a range of dispersal scenarios. These scenarios



are useful since the dispersal processes and life-spans of the seagrass are not
well-understood.

The other articles focus on ecological communities with a range of interac-
tion types between species. We study how ecological communities on islands
are assembled from a large pool of species that can also immigrate from the
mainland source, and if it can provide mechanisms to explain the scaling of
species richness with island areas — namely the species-area relationship. A
drastically different setting is large contiguous landscapes.

We posit that species interactions vary across space, which helps character-
ize habitat patches that would be connected by high dispersal of species. This
simplified picture provides a range of situations to understand how habitat
heterogeneity affects species richness.

We also address the problem of how ecosystems with many interacting
species can still be stable. We do this by deriving a very general mathe-
matical bound on stability which is expressed in terms of ecologically realistic
constraints.

Species identities are important with respect to biological invasions for the
risk of replacement of resident species. We developed a framework to predict
the structure of invasion outcomes, i.e., what set of species survive following
an invasion event. This method is applicable in a range of cases characterized
by high initial abundance of invaders and imperfect knowledge of interactions.

An overarching theme in investigating these complex ecological systems is
to first analyze the fully random case without assuming any structure. This
null case admits description in terms of a few statistics that greatly simplify
the study of system level properties and processes. One can then ask if there
are parameter regimes where these properties break down. The difficulty in
finding such regimes might indicate universal properties but even the sudden
disappearance might unravel phase transitions or unexplored new properties.

Keywords: Complex ecological systems, species area relationships, meta-
community, community assembly, ecosystem stability, biological invasions

i



List of Publications

This thesis is based on the following publications:

Paper 1

A. Vikrant and M. Nilsson Jacobi , “Complex ecological communities and the
emergence of island species-area relationships”. Theoretical Ecology 15, no. 4
(2022): 311- 320.

Paper 2

A. Vikrant® , S. Pettersson’ , M. Nilsson Jacobi , “Spatial coherence and the
persistence of high diversity in spatially heterogeneous landscapes”. FEcology
and Evolution 12, no. 6 (2022): €9004.

Paper 3
A. Vikrant , “Predicting the structure of invasion outcomes using proximate
systems”. To be submitted.

Paper 4

V. Savage, M. Nilsson Jacobi, A. Vikrant, I. Tripathi and O. Venturelli ,
“Ecological Constraints Beget Both Complexity and Stability: Building More
General Mathematical Bounds for Real Systems”. To be submitted.

Paper 5

R. D. Evans, K.M. McMahon, K. -J. van Dijk, K. Dawkins, M. Nilsson Jacobi,
A. Vikrant , “Identification of dispersal barriers for a colonising seagrass using
seascape genetic analysis”. Science of the Total Environment (2021), 763,
143052..

Contributions

Paper 1
AV conceived and designed the study, AV performed the simulations and wrote
the paper, AV and MNJ analyzed the results.

Paper 2
Conceptualisation, interpretation of results and, review and editing: MNJ, SP,

1ii



AV; Simulations, visualisation and original draft: SP, AV; Analytic results: SP

Paper 3

AV conceived and designed the study, performed the simulations, analyzed
the results and wrote the paper.

Paper 4

Conceptualisation: VS, MNJ; Methodology: VS, MNJ, AV; Formal analysis:
VS, AV, IT; Writing - original draft: VS; Interpretation of results - VS, AV;
Writing - review and editing: VS, AV, IT, OV

Paper 5

RDE, KMM: Conceptualization, Methodology, Formal analysis, Writing -
original draft, Project administration; KJvD, KD, MNJ, AV: Methodology,
Formal analysis, Writing - review and editing.

iv






Acknowledgments

Scientific research is largely an international and collaborative endeavour, and
working toward my PhD has given me a peek into that. I want to thank all
the people who have made these years more fun and eventful. Firstly, I'd like
to thank the division of Physical Resource Theory at Chalmers for funding
my PhD and allowing me to steer my research, teaching and networking with
much freedom and agency.

I want to thank my supervisors, mentors and co-authors over the years.
Martin for introducing me to the craft, making white-board discussions en-
joyable and opening up opportunities for me to network. Susanne for being
a very brilliant, kind and fun co-author and supervisor. Thank you for your
time listening to my work and reading my chaotic drafts. Claes for being my
main supervisor and anchoring the complex systems group at the division.
You are a constant source of conversations on evolution and human cultures,
and I am glad that the course we ran for the past couple of years will be
renewed for the coming years. My co-author and mentor Van has guided and
inspired me in many ways. Thank you for being super kind with your time.
It is delightful watching you approach problems with a rare blend of passion,
rigour and persistence, and I have thoroughly enjoyed working with you. Kris-
tian, thanks for your time as my first examiner. I am glad to have taught the
information theory course with you for all the discussions on the subject and
your brilliant research in the field. Christian for your support as an examiner
and for propelling things forward for me. Thanks for also being a fun person
to be with.

Martin Persson for keeping the division alive with board game nights and
for being caring and efficient in your role as the director of graduate studies.
Frances, thanks for being an available and fun manager, and for inducting me
in to the running group.

Many people at the division made my time super enjoyable. Avi and Caglar,
my office besties for keeping the office and my life super lively. Ahmet, you
have been the go-to guy for almost everything and thanks for putting together
some of the best times at work and outside, and of course the barbecues!
Andreas, Caroline, David, Devon, Ella, Gavin, Hanna, Jinxi, Manu, Markus,
Ricardo, Ridwan, Sofia, Sonia, Vadim, Xiaoming, Yodefia, Yuan — I have
shared some great memories with all of you, thank you for giving me more
reasons to come to work! A special thanks to Angelica for always being super

vi



available, kind and loving.

My friends from BITS have had a great influence on my life for almost 15
years now. Abhiroop, I can’t remember a day without fun and laughs in all
the time we spent together. Thank you for opening me up to so many things
in life. Shila, thanks for always putting together great plans and reminding us
to have fun. Akshay, thank you for the best conversations and birding trips,
especially during the last few years. I still need to reply to your messages
while I write this, but thanks for being very deliberate and involved in all the
things you say and do.

I want to thank my family for being a constant source of love and for
everything in life. Swapna, thank you for being my greatest cheerleader and
my harshest critic.

Acronyms

SAR: Species-area relationship

glV: Generalized Lotka-Volterra
AHTO: Area-heterogeneity trade-off
ESS: Evolutionarily Stable Strategy
EER: Energetic Equivalence Rule
MTE: Metabolic Theory of Ecology
ODB: Oceanographic dispersal barrier
FDD: Fragment dispersal duration
KLD: Kullback-Leibler divergence
ESD: Empirical spectral density
SLM: Stochastic Logistic Model
SLVM: Stochastic Lotka-Volterra Model

vii






Contents

Abstract i
List of Papers ili
Acknowledgements vi
Acronyms vii
1 Introduction 1
1.1 Motivation and Aim . . . . . .. ... oL 4
1.2 Thesisoutline . . . . . . ... . ... ... 6
2 Background 9
2.1 Community detection in networks . . . . . . .. ... ... ... 9

2.2

2.3

Algorithm for finding subpopulations using connectivity matrices 11
Stability and complexity of large ecological systems . . . . . . . 12
Local asymptotic stability and the complexity-stability debate . 12
Mathematical bounds on asymptotic stability of ecological sys-

tems . . ... L 17
Diagonal stability . . . . . . ... .. o0 oo 19
Structural stability . . . . . .. .. ... o 0L 22
Species-area relationships . . . . . ... ... ... ... 24

ix



2.4 High-dimensional ecosystems in space . . . . ... ... .. .. 24
2.5 Evolutionary game theory . . . . .. ... ... ... ...... 25
Nash equilibrium . . . . . .. ... ... 0000 26
Replicator Equations . . . . . . . ... ... ... ... ... .. 27
Evolutionary Stable Strategy . . . . . .. .. ... .. ... .. 28
2.6 Correspondence between gLV and replicator equations . . . . . 29
Family of dualities . . . . . . .. .. ... ... ... ... ... 31
Evolutionary stable strategies and uninvadable equilibria . . . . 33
2.7 Metabolic Theory of Ecology . . . . . ... ... .. ... ... 33
Metabolic scaling exponents . . . . . . . . . ... ... ... .. 34
2.8 Stochastic models for microbial communities . . ... ... .. 35
Macroecological laws in microbial communities . . . . . . . . . 35
Stochastic Lotka-Volterra Model . . . . . . . ... ... .... 36
Present Work 39
3.1 Paperl . . . . . . 39
Methods . . . . . . . . . . 40
Results. . . . . . . . . 42
Discussion . . . . . . ... 42
Conclusion . . . . .. . . . L 45
3.2 Paper 2 . . ... 45
Methods . . . . . . . . . . . 45
Results. . . . . . . . . 48
Discussion . . . . . . . . 51
3.3 Paper3 . . . ... 52
Methods . . . . . . . .. . 52
Results. . . . . . . o 56
Discussion . . . . . . ... 60
3.4 Paperd . ... 61
Finding ecologically-interpretable stability bounds . . . . . .. 62
Comparing bounds on gut microbes . . . .. ... ... .. .. 64
Results. . . . . . . o 64
Discussion and Conclusion . . . . . . . .. .. ... ... .... 67
3.0 Paperb . ... 68
Methods . . . . . . . . . . 69
Results. . . . . . . . . 71

Discussion . . . . . . . .. s 72



4 Discussion, Outlook and Reflections

References

73

79

Xi






CHAPTER 1

Introduction

Biological species interact in myriad ways with one another and their envi-
ronment to generate the diversity of life that we see around us. In addition
to ecology that concerns various aspects of organisms and their interactions
with the environment, evolution is another cornerstone of organismal biology.
Unlike physical systems — whose fundamental units are assumed to be im-
mutable — biological entities could undergo changes through evolution, which
has implications for species as well as the ecosystems they inhabit. Variabil-
ity in the basic units of an ecological system could be further pruned and
filtered by how individuals, species (and collections thereof) disperse in space.
Processes on ecological time scales such as variation in resource abundance,
temperature driven effects on metabolism affect how species disperse in space,
which results in the emergence of widespread spatial patterns and laws. Abun-
dance patterns such as persistent fluctuations can be driven endogenously by
spatial dispersal and are signatures of highly diverse and complex ecological
communities [1-3].

The oldest and the most prominent among such spatial laws is the species-
area relationship (SAR) that describes how the number of species in a patch
scale as the area of the patch increases. Two functional forms of the SAR have
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been most widely observed in empirical studies — the semi-log and the power
law form [4]. The power-law form has especially been the subject of many
studies trying to explain its origins. Preston used log-normal abundance dis-
tributions — that are widely observed — to argue for a power-law form of the
SAR [5]. This work also demonstrated differences in studying nested samples
in a contiguous landscape versus a system of isolates such as islands. A quali-
tatively different suggestion was that islands could be at internal equilibrium
that constrained patterns of species diversity on them [5].

The simplicity of island systems prompted MacArthur and Wilson to pro-
pose an equilibrium theory of island biogeography [6]. They argued that the
number of species found on any island depends on an equilibrium between im-
migration and extinction rates. Further, since increasing island size leads to
higher immigration rates but lower extinction rates, one could also relate the
number of species to island area. This simple model also inspired the study
of species diversity patterns in other island-like ecosystems [7-9]. The fact
that species diversity patterns could be reproduced without invoking species
differences, has also been the basis of more successful recent theories (cite).
However, the same simplifications prevent these theories from capturing tem-
poral patterns and processes such as those related to population dynamics
[10].

Island systems give way to the idea of having discrete spatial patches rep-
resenting different populations that could be connected by migration or gene-
flow. The concept of a metapopulation — meaning population of populations
— had some primitive analogues already in the 1950’s [11], but the word
was first used by Levins in a sense that is closer to its contemporary us-
age [12]. A metapopulation could witness local extinction of the species at
one spatial patch that might be later recolonized through dispersal from other
patches. Mainland-island systems are a special case of metapopulations where
the mainland prevents local extinctions on the islands. Given a spatial dis-
tribution of many different populations, one could classify them into multiple
metapopulations depending upon factors that impede migration or gene-flow
across populations. Real ecosystems are much more complex in terms of the
number of species they harbour and also the kinds of interactions between
them. The idea that complex interactions varying in space can affect diver-
sity patterns was the basis of the metacommunity idea.

Metacommunities can be studied in various paradigms that differ in the



amount of dispersal and the variation in species traits resulting from envi-
ronmental heterogeneity [13, 14]. The amount of dispersal between local
communities dictates the influence of environmental stochasticity on commu-
nity assembly at different scales. High dispersal not only acts to homogenize
local communities across patches but it also increases the pace of commu-
nity assembly such that stochastic effects from the environment have minimal
bearing on the fate of these communities. This thesis considers metacommu-
nities harbouring many interacting species such that these species cannot be
reduced to their positions along one or a few trait axes. This operational
definition implies that habitat heterogeneity is captured through variation in
interspecies interaction strengths across space, as in [1].

Across ecological studies, arguably the most common response variable is
species richness defined as the number of species. Any serious characterization
of biodiversity inevitably boils down to the definition of diversity, particularly
how it can quantified. Many widely used diversity metrics in ecology are
either agnostic of species identities or do not have a clear relationship with
the functioning of ecosystems. It’s not a surprise that many celebrated laws
in ecology are also framed in terms of metrics like species richness. These
limitations restrict the ways in which processes like biological invasions could
be understood. Species identities are important with respect to biological in-
vasions for the risk of replacement of resident species. Species replacement
might preserve the number of species, but it could alter the composition of
the resident community resulting in homogenization of species [15]. This al-
teration could eliminate certain functional aspects of ecosystems, which calls
for including measures of functional diversity.

A major focus of community ecology is to characterize ecosystem function
which is related to the diversity of species traits. Trait-based approaches in
ecology rest on the assumption that ecosystem function and community-wide
impacts of environmental change are better explained by traits of dominant
species rather than the species richness of communities. It has become increas-
ingly clear that ecosystem functioning does not always increase with species
richness [16, 17|, partly because the same environmental variables could in-
fluence both richness and functional aspects of ecosystems. Alternative ap-
proaches or extensions have helped shift the focus from just looking at plain
diversity metrics or trait diversity.

One such leading framework connects the frequency distribution of traits
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associated with metabolism to the rate of biomass growth, and eventually
informs estimation of the total biomass of the community — the Trait Driver
Theory [18]. This powerful tool quantifies environmental impacts on the full
trait distribution and shows how mean, variance and other higher moments of
this distribution affect measures of ecosystem function such as productivity.
This is partly enabled by the Metabolic Theory of Ecology (MTE) that stud-
ies the dependence of population, community and ecosystem level processes
on body size and temperature [19]. MTE achieves this by building on the
relationship of individual metabolic rate with individual body mass [20] and
temperature [21].

Metabolic scaling has also been used to study population dynamics of com-
plex food-webs [22, 23]. This is possible since biological quantities such as
consumption rates and handling time scale in predictive ways with body mass.
This also constrains the prey/resource body sizes that are available to preda-
tors/consumers. While the stability of food-webs has been addressed using
such constraints [23], there is much potential to combine them with the rich
body of literature on general mathematical bounds on the stability of ecolog-
ical systems.

1.1 Motivation and Aim

Macroecological patterns are those that show up at large spatial and temporal
scales. Many of these patterns are not species specific and might hold for a
range of taxa. The population dynamics of more than one ecological com-
munity is invariably a component of how these patterns emerge. At smaller
spatial scales, processes like species invasion are commonplace that not only
depend on the attributes of the invading species but also the mode of assem-
bly of the resident ecological community. This PhD thesis uncovers large scale
patterns resulting from species dispersal and the assembly of ecological com-
munities that are in turn shaped by processes like invasions. The goal is to
find limits within which these patterns and processes operate by disentangling
the role of heterogeneity in the functional form of interactions, the parameters
in space and across species, and the procedures to assemble communities.
Many approaches explain species coexistence in a low-dimensional param-
eter space such as when species can be described using a few traits [24—
26]. However, these methods have limited success when ecological communi-
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ties are extremely high-dimensional [27], especially ones with a large number
of species such that species interactions cannot be ignored and there is no
clear niche-partitioning. One broad aim of my recent work is to describe the
emergence of spatial laws and patterns in such high-dimensional ecosystems.
Specifically, is to possible to understand the emergence of the widely observed
SAR for high-dimensional communities? If yes, then how can one study this
relationship using simple models of such communities? Further, what ecolog-
ical systems are best suited to scrutiny using such simplified models? (Paper
1)

Ecosystems are better described as spatially-extended rather than well-
mixed systems. This implies that species can move around across different
locations and species interactions could vary spatially. For anyone who has
worked on stability of large complex ecosystems, it is natural to ask whether
a fully-feasible and stable ecosystem is possible for arbitrarily complex local
communities? What kind of dispersal processes and spatial patterns of species
interactions could enable highly complex yet stable ecosystems, theoretically?
Further, do large contiguous landscapes entail high species diversity when un-
derstood as collections of many local communities connected by dispersal?
(Paper 2)

Ecological communities are not closed systems operating entirely on en-
dogenous processes. External influences can rewire the interactions between
constituent species, which can lead to the system resting at a different state
that might or might not be qualitatively similar to the original state’s struc-
ture. Examples including extinctions that not only reorganize the abundances
of the species, but remove one or more species resulting in a different struc-
tural state. We consider the detailed characterization of such processes that
fall under the umbrella of invasions. What kind of representations can capture
a very general class of invasion processes while still keeping track of the species
identities? In paper 3, we address such questions and more by also account-
ing for the noisy nature of ecosystems that precludes a perfect estimation of
interspecies interactions.

An implicit assumption while finding generalizable results for high-dimensional
ecosystems is the system being at an equilibrium. Even when changes in the
state of a community is considered, we assume that the system starts off at
some stable equilibrium and eventually rests at the same or different stable
equilibrium. The patterns most often observed in nature are those that should
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persist in spite of events that perturb the system in different ways. This is the
key motive for the systematic study of dynamical systems. Only some kinds
of stability lend themselves to rigorous mathematical analysis. Specifically, it
is the study of whether a system reverts to an equilibrium after it has been
slightly perturbed, that has been a concern of a very large number of papers.
Some very general mathematical bounds have been found in this regard [28],
which have not only shaped entire sub-fields within community ecology but
also helped build intuition about trade-offs in nature mediating stability. Such
results have been extended to some other types of communities, but they can-
not be written in terms of ecologically-interpretable expressions and also do
not account for heterogeneity in other parameters outside species interactions.
Paper 4 aims to further this cause. We aim to move beyond totally random
interaction structures by considering correlations that connect to well-known
ecological constraints on consumption rates across species.

One objective of Paper 5 is to identify clusters in a large network of seagrass
populations that are established through underlying dispersal of vegetative
fragments. Clustering in networks has been a very active research area over the
past couple of decades, but the spatial and ecological constraints imposed on
biological populations imply that the clusters identified might be sub-optimal
using generic algorithms. My aim was to use an effective algorithm [29] that
identifies different metapopulations such that sites within a metapopulation
are more strongly connected than sites outside it. Also, if two clusterings have
the same score — in that they are equally optimal — then how to best decide the
better one? Combined with genetic analysis, the clustering results answer the
question — what is the right spatial scale for management such that dispersal
barriers do not hamper the re-establishment of seagrass populations following
catastrophic events.

1.2 Thesis outline

This thesis introduces key concepts and existing theories in Chapter 2. The
relevant literature and related approaches are also surveyed to place the ac-
companying research in a broader context. Chapter 3 provides a summary of
the appended articles.

Paper 1 uses a modification of generalized Lotka-Volterra equations to study
factors that could result in different island SAR forms. Paper 2 studies large
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contiguous landscapes as habitat patches connected by high-dispersal. We use
a spatially-extended version of the gLV equations where dispersal is modelled
through diffusion in discretized space. Paper 3 deals with outcomes of invasion
events providing for a range of settings and parameter uncertainties. Paper 4
derives very general mathematical bounds on the stability of ecosystems that
are also ecologically interpretable. Paper 5 identifies the most likely scenarios
to explain the partition of a colonizing seagrass into distinct metapopulations
along the northern and western coasts of Australia. This study uses two com-
plementary approaches, one utilizing ocean current data to estimate transition
probabilities between different sites and the other based on genetic data.

Chapter 4 reflects upon the ecological systems and results discussed in this
thesis to motivate possible future directions, while also zooming out on the
process and progression of my PhD research.






CHAPTER 2

Background

The spatial aspects of single-species metapopulations versus highly-diverse
ecosystems differ a great deal conceptually. My contribution in paper 5 is
closest in spirit to the problem of finding clusters in a large network. I therefore
provide a brief background on what this means for generic large networks and
specifically for spatio-ecological systems. Section 2.2 describes complex high-
dimensional ecosystems that I study using random matrices where pairwise
interactions between species are randomly drawn from some distribution. The
dynamics of many interacting species could exhibit patterns typical of large
ecosystems for a large part of the parameter space, even when more structure
in the species interactions is incorporated. Such highly disordered ecosystems
(and systems in general) admit description in terms of a few statistics, which
provides some baseline expectations about properties and processes that might
be otherwise intractable for such complex systems.

2.1 Community detection in networks

Spatially distributed populations of a species can be partitioned into distinct
metapopulations. Such metapopulations would be expected to have two major
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but related properties. The dispersal across metapopulations is much lower
than within them. In an evolutionary sense, there is negligible gene flow
between different metapopulations. This partitioning problem is analogous
to finding clusters within a large network where individual populations are
nodes, and the transition probabilities characterize the edges between them.
One class of methods for clustering in networks is based on spectral analysis
that was originally used for graph partitioning [30].

The central object of study in such methods is usually the graph Laplacian
whose second eigenvector — corresponding to the second smallest eigenvalue
called Fiedler value shows distinct clusters of nodes such that there are much
fewer edges across these clusters [30]. The graph Laplacian is also related to
the transition matrix of a random walker on a graph. Therefore, the spectral
methods can be extended to identify 'lumpings’ of states of a Markov process.
The problem of graph partitioning can be posed as a problem of minimizing
the cut size — defined as the number of edges between two distinct groups
of nodes — that could be written in terms of the graph Laplacian. Using a
modularity matrix that is analogous to the graph Laplacian, one can similarly
maximize the modularity of a given network to find constituent modules [31].

A broad class of methods rely on minimizing (or maximizing) certain mea-
sures that quantify the degree of good or bad division of a network into com-
munities. Network modularity [32] is a measure that takes high values if there
are many edges within the communities than across them. Such maximization
methods are much faster than most other methods in dividing very large net-
works, especially when the networks are sparse. A highly efficient algorithm
proposed in [33] utilized sophisticated data structures that considerably speed
up the search and insert operations in such maximization problems.

A majority of spectral as well as hierarchical partitioning methods cannot
be extended directly to ecological networks. This is especially true when the
underlying networks are directed and asymmetric, or if the transition matrix
is not symmetric with respect to some scalar product [34]. For example,
the dispersal of a species between geographical sites can be encoded in a
transition matrix that contains probabilities of transition from one site to
another. An efficient hierarchical partitioning algorithm for this problem was
introduced in [29] to minimize a function that characterizes the connectivity
between different subpopulations. Ecological constraints on dispersal could be
introduced in a tuneable penalty term that allowed for different comparable

10



2.1 Community detection in networks

partitions. The ecological system studied in paper 5 uses this algorithm, and a
heuristic is suggested to compare partitions that are equally optimal (defined
by a score).

Algorithm for finding subpopulations using connectivity
matrices

Paper 5 uses the algorithm proposed in [29] to aggregate geographical sites
into distinct subpopulations. The analysis is based on fragment dispersal
matrices — termed as connectivity matrices C' here — whose elements (i.e. C;)
define the probability of individuals dispersing from site ¢ ending up at site j.
A minimization problem is defined using a preliminary function that quantifies
the connectivity between two subpopulations:

G(B) = QZ(Cw — BT E;;); (2.1)

where €2 is matrix with €;; = 1 if site ¢ and j are in different subpopulations
else €;; = 0. C;;€;; is the naive connectivity that equals zero if all sites are
placed in a single subpopulation. Sites across subpopulations with transition
probability below 871 is rewarded with a term 8~ !'E;; where the matrix E
has all elements equal to 1. This term therefore prevent a trivial solution with
only one subpopulation.

It is often useful to redefine €2 in terms of a vector s that takes the values
+1. Different sites can be placed into two subpopulations depending on the
sign of the respective element [31]. The relationship €;; = (1 — s;5;)/2 then
allows the redefinition:

G(B)=—s"Cs+ 871> si)” (2.2)
3

The equation 2.2 is written in a matrix form where terms independent of
s have been removed since they do not affect the minimization. s’ is the
transpose of the s matrix.

Monte-Carlo or simulated annealing techniques are computationally very
expensive in trying to find the minimum for this problem. An efficient alter-
native is to allow s; to take continuous values such that the final solution can
be read off from the signs of s;. To ensure that the minimization problem is

11
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bounded, the following function is more suitable:
G =G+—=> |s|"" (2.3)

where v > 1 prevents the function from diverging. The minimum can be
found by using an iterative scheme that solves the derivative of 2.3 starting
from a random guess for s. The recursion reads as:

St-l-l,i = asm + (1 — a)sign(st’i) X | Z(CZJ + Cji)styj — 25_1 Z St,j|1/7 (24)

J J

where the derivative was —3°:(Cij 4+ Cji)sj + 2871 37, 55 + [si[Vsign(s;).
This also explains the choice of having 1/(v+1) in the minimization function.
Small but positive values of a guide the solution towards the minimum.

The identification of subpopulations can then be summarized as follows.
Starting with some low value of 1/, a single subpopulation is split into two
using the recipe described above. Then each subpopulation is recursively
split as long as the global value of G decreases. Random combinations of the
subpopulations are merged, and a possible merge is only accepted if G goes
down. This gives the best possible partition for a given 3. Sweeping over
different 3 values gives many possible partitions that can be compared using
a leakage measure:

Q=0 Cu/Cri)n (2.5)
12k

where Ciy = (3, 1, Cij)jer, is the mean connectivity from subpopulation
[ to k defined using set of sites L and L; that lie in these subpopulations.

2.2 Stability and complexity of large ecological
systems

Local asymptotic stability and the complexity-stability debate

Large ecosystems can be studied by stripping away the complexity of species
interactions or the environment. At one end lies the niche paradigm that
describes community properties by characterizing differences between species

12
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in terms of a few traits. In contrast to this selection dominated approach, the
neutral view disregards inter-species differences such that species are identical
on a per capita basis in their birth, death, dispersal or speciation rates [35]. A
radically different approach is to retain the complexity of species interactions
but assume that any structure in this network of interactions is washed away.
This is one of the simplest ways to study ecosystems where the complexity of
species interactions cannot be ignored.

Figure 2.1: A food web with 50 species generated using the niche model in [36].
The larger nodes represent predators in a higher trophic level. The
other species constitute an ecological community and lie in the same
trophic level. In this sense, the community is embedded within a larger
ecosystem represented by the entire food web. The given layout repre-
sents the most connected species closer to the centre. Not all possible
interaction links are realized. The fraction of realized links is called
the connectance.

An early example of describing such complex but random ecosystems is
May’s seminal work [28]. He used random matrix theory to analyse the
stability of random ecosystems whose Jacobian can be written as:

13
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J=A-T (2.6)

where I is an identity matrix with diagonal elements equal to 1. A is the
interaction matrix, i.e., a random matrix where non-zero pairwise interaction
strengths are drawn from a distribution symmetric around 0. Any interaction
pair could have a non-zero interaction strength with probability ¢ (i.e. the
connectance). Equivalently, ¢ is the fraction of links between species realized
out of all the possible links. The eigenvalue spectrum of J is central to studying
local asymptotic stability. This form of stability relates to the behaviour of
the system in response to small perturbations around an equilibrium point
(or fixed point). If the largest eigenvalue of J is negative, then the system is
locally asymptotically stable and converges to the equilibrium point if slightly
perturbed from it.

The matrix A can be parameterized in terms of the average interaction
strength o that is also proportional to the standard deviation of the underlying
distribution. This parameter can be viewed as a scaling factor that scales all
the interaction strengths by a constant factor. Equation 2.6 can be written
more explicitly as:

J=0A-1 (2.7)

The above form helps tune the mean and standard deviation of A using just
the o parameter. May used this matrix to show that as the complexity of an
ecosystem increases, it is less likely to be stable. This result is known as May’s
paradox, and it was at odds with ecological intuition until that point since
ecologists expected more complex and diverse ecosystems to be more stable. It
sparked-off the famous complezity-stability debate by suggesting that in order
to guarantee stability one must cut-down complexity which is defined in terms
of the number of species, o0 and the connectance c¢ of the interaction matrix.

This major result for random interaction matrices provided intuition for
possible aspects of stability in real ecosystems. A simple implication is that
communities with a large number of species are dominated by weak interac-
tions between species, and strong interactions are more likely in communities
with fewer connections between species. Also, for some given average interac-
tion strength and connectance, interaction matrices with a modular structure
would be more stable. This paper also raises the question: What systems have

14
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Jacobians of the form used by May, which are independent of the equilibrium
abundances?

The population dynamics of many interacting species can be described by
a system of ordinary differential equations (ODESs). One of the simplest such
equations is the Generalized Lotka-Volterra (GLV) equations.
@Zr-y-er-ZA-'y (2.8)
dt I LTI '

J

where r; is the intrinsic growth rate of i*” species. A is the interaction
matrix whose elements are pairwise interaction strengths between species.
Other general models of population dynamics differ in the functional form
used for the growth and interaction terms. Equation 2.8 could be written
in another form by explicitly including the carrying capacity K; in a self-
interaction term.

dyi
dt

riyi(1 — =) + oy ZAZ]yJ (2.9)
JFi

Note that equation 2.9 could have up to 2%V equilibria for a system of N
species since this system admits solutions with z7 = 0. The corresponding
Jacobian depends on the equilibrium abundances ;. The Jacobian does have
a more elaborate structure than the one studied by May, but one can draw
some interesting comparisons by analysing the case without any z; = 0. For
this case, if we set all r; and K; equal to 1, then the Jacobian can be written
as:

J=X"(cA-1) (2.10)

where X™ is a diagonal matrix with equilibrium abundances on the diagonal.
This does resemble the Jacobian that May analysed but that case did not have
the X™ part. If the interaction strengths are weak such that all species end up
with equilibrium abundances close to 1 (i.e. the carrying capacities), then the
gLV equations have similar properties to the kind of systems May analysed.
This also explains the fact that May’s framework implicitly excludes stable
equilibria with x7 = 0. There is a rather sharp transition towards instability.

Equilibrium solutions with all positive abundances are called feasible solu-
tions. The parameter regime corresponding to feasible solutions is also struc-
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Figure 2.2: Equilibrium abundances of a competitive community of 100 species for
increasing values of the interaction strength parameter (o) (See equa-
tion 2.9). Each set of vertical dots represents an assembled community
corresponding to a given value of o. The bold black line in the inset
traces the corresponding number of surviving species. Note that higher
values of ¢ correspond to more extinctions. The interaction strengths,
growth rates and carrying capacities are chosen from normal distribu-
tions with means -1, +1 and +1 respectively. The standard deviation
is set to 0.2 for each of these.

turally stable, in that a small change in parameters does not change the qual-
itative dynamical behaviour of the system [37]. The gLV equations allow for
a locally stable but structurally unstable phase characterized by single species
extinctions. This phase facilitates the study of community assembly where
not all species from the larger pool survive (Figure 2.2). This is an important
aspect of papers 1 and 2.
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2.2 Stability and complexity of large ecological systems

Mathematical bounds on asymptotic stability of ecological
systems

The key result in May’s paper drew upon Wigner’s semi-circle law [38] and
earlier results in random-matrix theory [39, 40]. Here we go over some useful
results from random-matrix theory that describe the distribution of eigenval-
ues for different classes of random matrices and have been instrumental in the
study of stability in large ecological systems.

To state Wigner’s semi-circle law, we introduce a few preliminaries.

o Empirical spectral density(ESD): Given an N X N matrix A with
eigenvalues \1(A), A\2(A) ... An(A), the empirical spectral density is
defined as:

N
(O A) = % 3600 () (2.11)

where 0 is a Dirac delta. ESD is a probability measure defined in the
complex plane C. It can be interpreted as a counting function which
when integrated over a subset of C gives the fraction of eigenvalues that
lie in that subset. For simplicity we consider the case of Hermitian
matrices which ensure real eigenvalues. In random matrix theory, one
usually draws A from a random matrix ensemble. Then n()) is a random
measure whose average is more instructive.

e Average ESD: This quantity is the ESD averaged over the joint prob-
ability density function of the eigenvalues:

N
1
p(A) = N/P(Al,Az)....,AN)Zl(S(A —\)d\ida..dAy  (2.12)

1=

p(A\) can be computed for some classes of random matrix ensembles in
the limit N — oco. Wigner found an elegant semi-circular (or rather semi-
elliptical) average ESD that holds for many random matrix ensembles. This
is the famous Wigner’s semi-circle law [38].

e Wigner’s semi-circle law: Let Ay be an N x N Hermitian random
matrix whose elements are independent random variables drawn from
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symmetric distributions with mean zero, unit variance and bounded mo-
ments. Then in the limit N — oo, the average ESD of Ax/V N is:

1
psc(A) = o 4 — X199 (2.13)

where 1[_3 9] is the Indicator function that maps elements in the range
[—2,2] to 1 and rest to 0.

There was related work on non-Hermitian matrices after Wigner, which
made a strong case for the circular law [39, 40]. The most general version of
this law was finally proved by Tao et al. [41, 42].

e Circular Law: Let Ay be an N x N random matrix whose elements
are independent random variables mean zero and unit variance. Then
in the limit N — oo, the average ESD of the matrix Ay / VN converges
to the uniform distribution on the unit disk.

May’s result can be recovered by using the circular law. For a given matrix
A with standard deviation o not equal to 1 and connectance C, we can divide
the elements by ov/C to get ov/C times a matrix with unit variance. For
large IV, the circular law implies that the largest real part of any eigenvalue is
ov/NC. A unit diagonal matrix would just shift the eigenvalues by -1, hence
the stability condition becomes o/ NC — 1 < 0, identical to May’s result.

Another interesting law was found in the 80’s which considers correlation e
between elements across the diagonal A;; and Aj;, i.e., e = £[A;; A ;]. This is
called Girko’s Elliptic Law [43, 44].

e Girko’s Elliptic Law: Let Ay be an N x N random matrix whose off-
diagonal elements are random variables drawn in pairs with correlation
e = &[A;jA ;] and marginal mean and marginal variance being zero
and one respectively. Then in the limit N — oo, the average ESD of
the matrix Ay / VN converges to the uniform distribution on the unit
ellipse with horizontal and vertical semi-axes of length 1 + € and 1 — €
respectively.

By using analogous arguments as for May’s result, we can show that the
stability condition is a\/N_C(l +¢€) — 1 < 0 since 1 + € is the length along
the real axis. In fact, for systems with such a correlation the off-diagonal ele-
ment would be likely to have a non-zero mean p. The criterion then becomes
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oV NC(1+¢€)—pu—1 <0 This result is very useful for ecological communi-
ties since the underlying matrix can represent predator-prey, mutualistic or
competitive interactions depending on the value of the correlation € [45, 46].

Diagonal stability

The gLV equations belong to a class of models that admit diagonal stability
under some very simple conditions. To define diagonal stability, we consider
the system:

dx(t)
dt
Since A is the Jacobian for this system, it follows that asymptotic stability

— Az(t) (2.14)

is guaranteed if all the eigenvalues have negative real parts. Equivalently if
one can find a positive definite matrix P then asymptotic stability follows if
the following matrix is negative definite [47]:

A"P +PA (2.15)

Additionally if P is also a diagonal matrix, then the system is said to be
diagonally stable (or more precisely Hurwitz diagonally stable) [48]. Asymp-
totic stability is easy to demonstrate for the case when P is an identity matrix.
For a matrix to be negative definite, it’s sufficient if only it’s symmetric part,
ie. A+ AT is negative definite. This implies that A would be guaranteed
to be negative definite. Diagonal stability is of interest since it helps find a
Lyapunov function for systems such as the gLV equations.

Such dynamical systems are called Persidskii-type systems [49]. These
systems can be expressed in a vector form as:

i = Af(z) (2.16)

where z is n-dimensional. Each component f; of the function f(z) depends
only on the respective element of the vector x. The components f;(x;) belong
to a class of functions known as infinite sector non-linearities that satisfy the
following conditions:

fi(0) =0 (2.17)
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filxy) *x; >0 (2.18)

/ filw)dw — for |z;| = o0 (2.19)
0

Diagonal stability facilitates some very useful results on stability for Persidskii-
type systems (2.16). If the matrix A in equation 2.16 is diagonally stable with
respect to a diagonal positive definite matrix P, then the zero solution of this
system is globally stable and admits the following diagonal-type Lyapunov
function [49]:

V(z)=) P /m fi(w)dw (2.20)
i=1 0

As expected of a Lyapunov function, the time derivative of this function is

negative.
V= il P fi(z)2; (2:21)
— V= ipifi(:m) i;Aijfj(xj) (2.22)
= V = fT(2)(PA)f(z) (2.23)

fT(x)PA is the transpose of the vector AT Pf(z). This follows from the
fact that PA and AT P are obtained by multiplying the " diagonal element
of P with the corresponding rows and columns of A and A” respectively. This
holds because P is a diagonal matrix. When the vector AT P f(z) is multiplied
by f(z), it gives the same scalar as f7 (z)(PA)f(z). Therefore,

— V= f"()(PA+ ATP)f(z) (2.24)

which is negative since PA 4+ AT P is negative definite. Among other prop-
erties of a Lyapunov function, V is also radially bounded that follows from
the property 2.19 of f(x).

A simple change of variables can be used to express the gLV equations in a
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Persidskii-type form. Rewriting equation 2.8 as:

% =r;+ Z A;jexp(logy;) (2.25)
% i=1
dlogy; &
= =T -+ ]2 A, jexp(logy;) (2.26)

One can then solve the system of equations r; + >_7_; Ajjexp(logy}) = 0
to find the feasible equilibrium log y*, assuming that this equilibrium exists.
Equation 2.26 can be rewritten as:

d(logy; —logy;) < \
- = Aij(exp(logy;) — exp(log y})) (2.27)

J=1

d(logy; —logy;) - ; :
— dt =Y Aij(exp(logy; —logy; +logy;) — exp(logy;))

j=1

(2.28)
Defining z; = logy; —logy; and g;(2;) = gi(logy; —logy;) = exp(logy; —
log yF +logy!) —exp(log y!), we obtain the equations in a Perdiskii-type form:

le' o

= Z Aijg;(25)) (2.29)

The function g; also satisfies the conditions 2.17, 2.18 and 2.19. This system
admits the Lyapunov function:

n

Vi(z) = ZPZ/ gi(w)dw (2.30)
i=1 0
whose time-derivative can be similarly computed as before.

— V(z) = %gT(z)(PA + AT P)g(2) (2.31)

The most widely used form of the Lyapunov function for the gLV system
[50] can be obtained from equation 2.30 by expressing g; and z; in terms of

Yi:
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V()= pilyi — yi — y; logyi/y;) (2.32)

Structural stability

Structural stability captures the ability of a system to exhibit the same quali-
tative behaviour when subject to small changes in the underlying parameters
or the model itself.

The concept is well-defined for dynamical systems with respect to hyperbolic
fixed points. The Jacobian matrix computed at these fixed points does not
have any purely imaginary eigenvalues. Small changes to the underlying model
or its parameters are captured through the phase portrait of the system. Then
the phase portrait of the dynamical system is called structurally stable if any
mapping results in a topologically equivalent phase portrait, i.e., a mapping
that preserves the direction of time and is homeomorphic. A homeomorphism
is a continuous one-to-one mapping between two topological spaces and has a
continuous inverse.

From the Andronov-Pontryagin criterion [51], it is known that structurally
stable systems in two-dimensions have a finite number of fixed points, all of
which are hyperbolic. Further, preserving the dynamical behaviour requires
that no homoclinic or heteroclinic orbits exist, i.e., saddle points don’t have
self loops and are not connected to other saddle points.

The condition about hyperbolic fixed points implies that the phase portrait
around centres (neutrally stable fixed points) is not structurally stable. If
one considers a simple harmonic oscillator that admits such a center then
its easy to argue that the dynamical behaviour changes if the underlying
model is modified by adding the smallest of damping terms. The system
finally relaxes to an asymptotically stable fixed point, implying structural
instability of the original system. A similar structural instability occurs for
heteroclinic orbits that are usually observed in conservative and reversible
systems eg. a pendulum system that exhibits a full range of motion in a
vertical plane. Infinitesimal amount of damping is sufficient to eliminate the
heteroclinic orbits.
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2.2 Stability and complexity of large ecological systems

Structural stability in ecological systems

In ecological systems, coexistence of species requires that the underlying dy-
namical system has a feasible and dynamically stable equilibrium. The struc-
tural perspective argues that it is insufficient to quantify feasibility and sta-
bility of equilibria for arbitrary values of the intrinsic growth rates, and one
should rather study the range of these growth rates that allow for coexis-
tence. Rohr et al. [37] quantified the structural stability of ecological systems
in terms of the proximity to structural vector(s) that lies in the middle of the
feasibility domain — the domain of intrinsic growth rates that permit feasi-
ble and stable equilibria. Earlier studies have used a preliminary structural
approach to study coexistence of competing species through conditions on
rescaled versions of the intrinsic growth rates [52, 53].

A related metric of structural stability can be obtained for a given interac-
tion matrix by defining a feasibility domain formed by intrinsic growth rates
that are compatible with feasibility conditions [54, 55]. This domain is a
convex polyhedral cone in R™ — n being the number of species — formed by
growth rate vectors that satisfy the following condition with respect to the
gLV equations 2.8:

7j=1

where y* is a feasible solution. Any point within the feasible domain can
be expressed as a positive linear combination of generators g; of the cone [54]:

=1

where \; > 0. The columns of the interaction matrix A also constitute a
set of generators. In fact, rescaling one or more of the generators also results
in a generator of the convex cone. One can then use the columns v; of A and
the positive abundances y*, to define the feasibility domain [55]:

n

Dp(A) ={r= sz’yf € R"y; > 0} (2.35)

=1

The structural stability of a system with a fixed matrix A can be expressed
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as the fraction of the volume that the convex cone subtends on the surface of
a unit sphere in R™ [54]. A simple expression for this metric was obtained for
the case when the number of species is large and the interaction matrix is a
negative definite random matrix. In this limit, the metric is independent of the
finer details of the communities and only depends on the size of the community
and the first few moments of the distribution of interaction strengths.

2.3 Species-area relationships

It is debatable whether any universal quantitative laws exist in ecology. The
species-area relationship (SAR) comes close to this distinction, but more than
one functional forms of this relationship have been reported in empirical stud-
ies [4]. The two simplest forms of the SAR are the power law S ~ A% [56]
and the semi-log S ~ z log A [57] — both forms suggest that species richness
S increases monotonically with patch area A.

The power-law form has received much attention in terms of studies inves-
tigating its incidence. Its origin has been explained using empirical patterns
such as lognormal species-abundance distributions [5] and clustering of con-
specific (i.e. of same species) individuals [58]. The SAR could be studied
for island-like systems or for nested sampling areas [5]. Island SARs differ in
terms of processes such as immigration from a mainland pool, which is a key
aspect of the analysis in Paper 2 (Section 3.2).

2.4 High-dimensional ecosystems in space

The past few decades have witnessed many approaches to study ecological
communities distributed over spatially connected regions. A prominent ap-
proach is the metacommunity framework that considers local communities
connected by dispersal of species. The spatial patches could be heterogeneous
in the environmental conditions that further affect species traits [13, 14].
Paper 3 does focus on metacommunities but the term has a slightly different
meaning operationally as in [1]. The focus is again on highly diverse complex
communities but now these are spatially distributed over different patches
that allow migration between one another.

The problem of studying complex ecosystems connected by migration draws
from the tradition of embracing complexity over structure, which allows for
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understanding system-wide properties using a few statistics. Studies in this
direction have uncovered novel results ranging from the stability-complexity
paradox to newer types of dynamics that facilitate higher diversity of species
[1, 2, 59]. These studies use similar approaches but we present the general
paradigm using the GLV type equations discussed in [1]. Consider M patches
connected by dispersal, each of which represents a well-mixed ecosystem with
unstructured inter-species interactions:

d
%Qbi,u - ¢i,u Ki,u - ¢i,u - Z Aij,uqu,u + Z Di,uv(¢i,v - Qbi,u) (236)
i v

The dynamics of abundance ¢;, of a species ¢ in patch u depends in a
familiar way on growth and interaction terms. For simplicity, the carrying
capacities K, can be set to 1. A;;, denotes the interaction matrix at a
patch u, which could differ from other patches. The dispersal rate between
patches u and v is D; 4.

It was shown in [59] that increasing the number of ecologically distinct
patches — characterized by variation in species interactions — increases the
stability of the meta-ecosystem. In [1], it was found that such spatially-
extended systems can enter a chaotic phase for intermediate dispersal rates.
A key feature of this phase are abundances fluctuations whose higher strength
corresponds to higher fraction of species surviving. A cut-off is set below which
species are considered extinct, but the results are unchanged qualitatively for
different possible values. The authors of [2] found a similar chaotic regime
for interaction matrices with an anti-symmetric structure.

Paper 3 considers only stable equilibria but the ideas of metacommunity
and surviving fraction of species is used in the same vein as [1] (Section 3.3).

2.5 Evolutionary game theory

Evolutionary game theory was conceived to provide a Darwinian explanation
for processes like animal conflict by analyzing the dynamics of interacting
strategies. Unlike classical game theory where players can choose between
strategies, evolutionary game theory deals with players having fixed strate-
gies that are passed on to the next generation. This effectively amounts to
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strategies playing against one another. This framework also differs in terms
of its dynamical outlook on games. We first describe the Hawk-Dove game to
demonstrate the class of questions that are of interest while also discussing
basic concepts in game theory and their extensions.

The Hawk-Dove game models contests which involve two possible strategies
in a conflict situation. This two-player game encodes the payoff received by
each player in terms of the value V of the resource being contested and the
cost of escalation C'. This is a symmetric game in that both players have the
same payoff matrix. The players could either pick a pure strategy which is
just a single strategy or employ a mized strategy that is a distribution over
the different strategies. The payoff matrix for the game is:

Hawk Dove
Hawk % (V-0C) Vv
Dove 0 %

Table 2.1: Payoff matrix for the hawk-dove game. Each entry in row i and column
j represents the payoff that strategy i receives when playing against
strategy j.

Nash equilibrium

One of the central concepts in game theory is that of a Nash equilibrium. For
a two player game, it is defined as the set of strategies for which either player
cannot improve their payoff by changing their strategy alone. In the most
general games with two players, Nash equilibrium is defined in terms of a pair
of mixed strategies ¢; and ¢ for player 1 and 2 respectively, such that the
following conditions hold:

q1-Age > ¢1.Aqa Vqy of player 1 (2.37)

q2.Aq1 > ¢h.Aq Vg5 of player 2 (2.38)
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Note that ¢q, g2 etc. are vectors containing frequencies of different strategies.
For symmetric games with a payoff matrix A, the Nash equilibrium is a
mixed /pure strategy ¢ such that:

q.Aq > p.Aq (2.39)

which means that the payoff for ¢ playing against itself is always higher than
the payoff of another strategy p playing against q.

For the hawk-dove game with V' < (', three Nash equilibria exist. Two of
these involve pure strategies for the two players, i.e., (Hawk, Dove) and (Dove,
Hawk). While none of the players can improve their payoff by changing their
strategy alone, it is more interesting to consider many such pairwise contests
over different rounds. Let’s consider a population where one player plays
hawk over many different rounds and the other player always plays dove.
Evolutionary contexts also allow for chance mutations where a small fraction
of the "hawk’ population could suddenly play ’dove’ and vice versa. This
could be thought of as an invading set of strategies that makes player 1 and
2 deviate from their usual hawk and dove strategies in some of the pairwise
contests. If the two players are now made to play over multiple generations
and each of the players eventually revert back to playing pure strategies, then
the pure set of strategies would be stable in some sense. It’s evident from
the example of invading strategies that the (Hawk, Dove) Nash equilibrium
does not admit such stability. Player 1 would now have some reduction in
the number of hawk offspring resulting from contests with player 2’s small
hawk population. At the same time, player 1’s initial dove population would
now grow over generations owing to the dove-dove contests with player 2. The
multi-generational dynamics would preclude the system going back to the pure
(Hawk, Dove) strategy. We can already guess that any stable set of strategies
would be a mixed strategy.

We formalize the notion of stability just described using replicator equations
which is the canonical model of evolutionary game theory.

Replicator Equations

The replicator equations are used to model the dynamics of relative frequencies
p; of strategies. The continuous time version is written as:
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By (Rip) = 3 0y By (0) (2:40)

where R; is the fitness of each species. The second term in the bracket is the
mean fitness over all species. The simplest form of the fitness is R; = > j Aijp;
where A;; is the pairwise interaction strength between strategies ¢ and j. It
is useful to express the fitness terms as a vector R in terms of the interaction
matrix A and the vector p of the frequencies: R = Ap.

Evolutionary Stable Strategy

Consider a resident population at equilibrium having a mixed strategy distri-
bution q. If the population always reverts back to the distribution q whenever
a small fraction e of the residents is replaced by an invading population with a
different distribution p, then q constitutes an ESS. This requires the residents
to have greater fitness than all p, i.e.:

q-A((1-€)g+ep) >p-A((1 —€)q+ep) (2.41)

The following two conditions could therefore define an ESS:

q-Aq>p-Aq (2.42)

q-Aq=p-Aq = q-Ap>p-Ap (2.43)

where the first condition 2.42 is the same as that of a symmetric Nash
equilibrium. For the hawk-dove game, the formal definition implies that a
pure hawk or a pure dove strategy can’t be evolutionarily stable if V < C.
For a pure hawk strategy q = [1, 0], q- Aq will be highly negative such that a
strategy p with even a small proportion of doves will result in a higher payoff
against q, that is p- Aq > q - Aq. Similarly, a pure dove strategy q = [0, 1]
would always have a lower payoff than any mixed strategy p that has even a
small fraction of hawks. Any evolutionarily stable strategy for this case would
necessarily be a mixed strategy.

Note that the distribution r = (1 — €)q + €p is sufficiently close to q. Then
equation 2.41 follows from the following condition:
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q-Ar >r- Ar (2.44)

One can see this by expanding the right hand side of 2.44 such that:

q-Ar >q-Ar —e(q- Ar) + €(p - Ar) (2.45)

which leads to the inequality 2.41. Therefore, a mixed strategy q is an ESS if
q- Ar > r - Ar for all r sufficiently close to q.

Thomas [60] defined a stronger version of the ESS by replacing 2.43 with:

q-Ap >p-Ap (2.46)

2.6 Correspondence between gLV and replicator
equations

There exists a direct correspondence between the gLV and replicator equa-
tions. The vast array of results from evolutionary game theory specifically
replicator equations [61-66] have helped guide many similar advances in eco-
logical contexts using the gLV equations [67, 68]. To motivate the connection,
we first consider the following population dynamics equations:

d
—X; = X; x R;(X) (2.47)
dt

where X; is the abundance of species ¢ and R; is its effective growth rate
which could be a non-linear function of the species abundances.

If we consider frequencies p; = ZXX -, then the time derivative can be be
i

J
found by using the chain rule:

ip’ B Xy, X — XY, X;
" (ZJ Xj)z

(2.48)

Note that the dot above the variables denotes a time derivative. Substituting
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2.47 in 2.48 then yields the replicator equations.

%pi = D; (Rl(X) — ijRj (X)) (2.49)

J

NN

rN
0fo

Figure 2.3: A. Interaction matrix for gL.V equations. B. Corresponding payoff-
matrix for replicator equations with one additional species.

We make the connection more precise for the special case when R;(X) =
r; + Zj A;;X; where r; is the intrinsic growth rate and A;; is the interac-
tion between species ¢ and j. This corresponds to the gLV equations 2.8. An
n-dimensional gLV system has a duality with n 4+ 1 dimensional replicator
equations. The payoff matrix of the replicator equations is obtained by aug-
menting the interaction matrix A by an additional row and column such that
the additional column contains the intrinsic growth rates of the species. The
additional row is populated with zeros (Figure 2.3).

The dynamics of gLV equations can be obtained from the equivalent repli-

cator system by dividing the abundances of the n species by the abundance
of the additional species (Figure 2.4).
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Figure 2.4: The dynamics from gLV equations (solid lines) and equivalent replica-
tor equations (dashed lines)

Family of dualities

The gLV equations (Equation 2.8) are dual to a much larger family of replica-
tor equations with different types of fitness functions. The simplest extension
is that with an exponential functional form:

d
o= (e = pet) (2.50)

The above form works better if the system has many species such that any
feasible solution requires the interaction to be weak. The relative frequencies
p; are always smaller than 1, so the exponential function in equation 2.50
can be expanded to obtain the replicator equations with type 1 functional
response. This duality works well even with as few as 5 species (Figure 2.5).

Along the same lines, we can define many other replicator equation systems
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that are equivalent. These include equations with a logarithmic fitness func-

tion
d
prdal (log(l + Ap) — p.log(1 + Ap)) (2.51)
and those with fitness functions containing a logarithm of relative frequen-
cies
d
=p=px (Alog(p) — p.Alog(p)) (2:52)

Beyond the theoretical connection, the correspondence with equation 2.50
also relates to models used for studying plant community dynamics [69]. From
equations 2.47 and 2.49, it follows that equation 2.50 is also dual to:

%y =y * (r + eAy> (2.53)
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This functional form is used in models of plant communities [69, 70].

Evolutionary stable strategies and uninvadable equilibria

The concept of an ESS has also gained traction within the field of theoretical
community ecology since it encapsulates a useful kind of stability. The anal-
ogous concept in ecology is called an uninvadable equilibrium. Given a pool
of n species which are put together, let’s assume that k species go extinct
in the equilibrium attained. This equilibrium is called uninvadable if none
of the extinct species can invade when introduced again to the equilibrium
state. For a general system of equations describing community dynamics, it
is not straightforward to find parameter choices that guarantee uninvadable
equilibria.

The gLV equations can be constrained in simple ways that ensure the ex-
istence of uninvadable equilibria. This includes making the self-interaction
terms more negative such that A + AT is negative definite. Combined with
feasibility, this guarantees an uninvadable equilibrium which is also known as
a saturated rest point [37, 64]. It differs from an ESS in terms of being glob-
ally stable — even if invader’s are reintroduced in large numbers, they cannot
invade this equilibrium.

2.7 Metabolic Theory of Ecology

Processes in ecosystems are a consequence of organisms’ interactions with each
other and abiotic factors such as temperature that drive growth, reproduction,
phenotypic plasticity etc. Some of these interactions manifest through actions
such as dispersal in space which for example, determines encounter rates be-
tween consumers and resources. Metabolism is a key determinant of the limits
within which consumption/loss of biomass operates, and metabolic rates de-
termine the speed and related aspects of motion so as to minimize loss of
energy [71, 72] while also shaping home ranges [73]. The most well-known
relationship involving metabolic rates is the Kleiber’s law which states that
an individual’s metabolic rate has a power law dependence on body mass with
the scaling exponent 3/4 [20]. Since metabolic rates are also related to tem-
perature via rates of biochemical reactions [21, 74], they provide a crucial link
between individual, species, ecosystem level processes and global environmen-
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tal change.

Metabolic theory of ecology is a mechanistic and quantitative framework
that leverages the temperature and body mass dependence of an individual’s
metabolism to understand the flow of energy and matter in whole popula-
tions and ecosystems [19]. We briefly describe some key results that connect
to ecosystem level quantities.

Kleiber’s law can be combined with the temperature dependence of metabolic
rates to get the following expression for individual metabolic rate B [21]:

B = ByM?®/* exp  E/FT (2.54)

where M is the body mass, E is the activation energy which determines
the rate of the biochemical reactions, k is the Boltzmann’s constant, T is the
temperature and By is a normalization constant that depends on the taxon
and the metabolic state. Sometimes it’s useful to work with the mass-specific
metabolic rate B which is %.

Individual biomass production P scales in the same way as B, i.e., P
M?3/*exp —E/kT. One can then find the scaling for ecosystem level produc-
tion per unit standing biomass, which is:

_ N.P 1/4

P:—N.MO(M

At the population level, the maximum rate of exponential growth 7.
was known to scale as M ~1/% like the mass-specific metabolic rate B [75-78].

exp E/RT (2.55)

Starting from the general formula 2.54 for B, the dependence of 7, on body
size and temperature was also derived in addition to a general expression

relating growth rate r to the population level metabolic rate at steady state
[79].

Metabolic scaling exponents

Equations like the Kleiber’s law are called Allometric equations which express
biological quantities like metabolic rate, development time etc as a power
function of body mass M. The scaling exponents are defining features of
these laws, such as the 3/4 metabolic scaling exponent in Kleiber’s law.
While the value 3/4 is a good fit for data spanning many orders of magnitude
across taxa, it is not the best fit when considering specific taxa. Like for fish
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the exponent has been found to be much higher and closer to 1 [80, 81]. In
general, the scaling exponents can lie between 2/3 and 1 [82-84].

2.8 Stochastic models for microbial communities

Here using the example of microbial communities, we show how stochasticity
can be included in models of ecological communities.

Macroecological laws in microbial communities

Relative abundance data from microbiomes exhibit three universal laws. These
were introduced in a paper by Grilli [85], and are sometimes called Grilli’s laws.
These include:

1. For each species, the abundance fluctuation distribution (AFD), i.e., the
fluctuations around the mean abundance are described by a Gamma
distribution.

2. Taylor’s law: The variances of the distributions are proportional to
their means across species.

3. The mean abundance distribution (MAD), i.e., the distribution of mean
abundances is well described by a lognormal distribution.

It was shown that the dynamics of microbial systems can be described
using the stochastic logistic model (SLM) which includes an environmental
noise term. The time-scale of the fluctuations is much shorter than that of
the population dynamics. The SLM equations for abundances x; are:

dz; X; X 0;
dt ?(1 - E) + \/ 7xz§z(t) (256)

where 771 is the growth rate, K; is the carrying capacity. &;(t) is the noise
term with correlations (&;(¢)&;(t')) = d;;0(t—t") and o is the coefficient of vari-
ation of the fluctuations around mean abundance. The three macroecological
laws can be explained using the SLM at stationarity. The SLM cannot re-

produce the distribution of pairwise correlations in abundances across species.
This is because the abundance dynamics of each species is independent of the
others.
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Stochastic Lotka-Volterra Model

The Stochastic Lotka-Volterra Model (SLVM) [86] extends the SLM by also
including species interaction terms in the equations. For communities with low
connectance, this model not only reproduces Grilli’s laws but also explains the
distribution of pairwise correlations in abundances. For S species, the model
is expressed as:

d$¢
dt

S

= %(1 +;Az’jxj) + x;&; (257)

where A;; are the pairwise interactions encoded in the interaction matrix
A. Note that the term A;; contains the carrying capacity. The matrix W =
(w;;) now encodes the environmental fluctuations such that the correlation
(€ (t)&(t') = w;;6(t —t'). For simplicity, we can assume W = wl. In
the limit of low connectance, the interactions can be considered as a small
perturbation to the SLM model, which then allows agreement with Grilli’s
laws.
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Figure 2.6: Empirical and estimated distributions of pairwise correlations in abun-
dances. The estimated distribution corresponds to inferred interactions
in a stochastic Lotka-Volterra model.
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Inferring interactions from time-series data

For a given time series, we can compute the empirical distribution p(z) of the
pairwise correlations in abundances and use that to estimate the interaction
matrix A. This is achieved by using a Markov Chain Monte-Carlo approach
where starting from an interaction matrix prior, we randomly pick a species
pair at every step and change its pairwise interaction slightly. Changes are
accepted if the likelihood of the correlation distribution P(p|A) improves and
the updated interaction matrix results in a stable and feasible community. In
figure 2.6, we show the empirical correlation distribution against that esti-
mated from inferred species interactions. This is based on abundance time
series from gut microbiome data processed by Dr. Nandita Garud’s group at
UCLA.
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CHAPTER 3

Present Work

3.1 Paper 1

This paper draws from the effects of the interaction strength parameter (o)
as in equation 2.9 to understand how assembled communities could be related
to the patch area. The GLV equations can generate assembled communities
of different sizes from a source pool through o or equivalently the standard
deviation of the interaction matrix [67]. The number of species decrease
monotonically as o increases in the regime where stable equilibria exist. This
can be likened to the well-studied increase in species richness for increasing
areas. It is interesting to ask if a modified version of the GLV equations
could yield known forms of the species-area relationship without invoking any
structure in species interactions? We address this question through a simple
modification of the GLV equations that combines ecological intuition with
observations from empirical studies.
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Methods

The interaction strength parameter (o) in equation 2.9 scales the strengths
of all inter-species interactions. This effect is analogous to shrinking the area
of a patch such that species encounter each other more frequently. Before
analysing the consequences of spatial scaling, we make a few modifications to
our existing system of equations. We use A to represent area of the patch now,
so we represent interactions by B;;. If the abundance densities are replaced
by absolute abundances x; , then equation 2.9 transforms to:

dl’i
dt

Z; Xy
’ j#i

where we do not use the o parameter which was effectively the proxy for the

standard deviation of the interaction matrix. Since K; and x; have the same
units, additional factors of A do not appear in that term. Next, we account for
the fact that absolute carrying capacities should change with changing areas.
We modify equation 3.1 as:

dx; Z;

Ly
A
PN Ainat ) VE)

where A;,;+ is the minimum area that supports all species from the pool in
the assembled community — this can be fixed by running the model numeri-
cally. We fix v = 0.25, but in general v < 0.5 is consistent with the results
that are reported. The non-trivial scaling of the carrying capacity corresponds
to spatial clustering of conspecifics. Clustered conspecifics would already have
saturated levels of negative density dependence that is expected to change less
drastically with change in areas. If the area is held fixed, lower values of
translate to high spatial aggregation and weak negative density dependence.

Island SARs are particularly amenable to analysis through the model de-
scribed. For a given A, the dynamics results in the assembly of a community of
species from the species pool. By progressively sweeping over different values
of A, we can get assembled communities representing different islands where
species richness varies monotonically with A.
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Community assembly with immigration

Immigration is another key aspect of island systems that could influence di-
versity patterns through introduction of new species [6], or the introduction
of individuals of the existing species (demographic immigration) [87]. Demo-
graphic immigration is incorporated into our model using an additional term
that captures incoming individuals from the mainland source pool:

dx; €T, €T,
L (] Y - . -B/VA
i rixi(1 Ki(A_A_t )7) + I jééi Bijx; + Xe (3.3)

The immigration term — e~ ?/ VA depends on A such that smaller islands
receive almost negligible contributions through immigration. The exponential
function further contains the parameter 8 — we fix §=1000 — that appears
analogously as a characteristic length scale in [88]. We set the extinction
limit to 1075 even though this framework never really drives abundances to
zero. The effective immigration rate equals A for large A, which means that
A imposes limits on the immigration rates possible for an island system. We
can compare results for different levels of immigration using this parameter.

Structured communities and empirical comparisons

We introduced many parameters to reflect the ecological setting of the Island
SARs but this exercise helps avert some restrictive assumptions. In any case,
our model still builds on the framework of studying random ecosystems es-
pecially in terms of how species interactions are structured. We also study
ecological communities with more realistic connectances and distribution of
interactions. This allows us to compare community level patterns that are
insensitive to addition of further structure. The differences prompt scrutiny
of additional mechanisms that drive the spatial patterns.

The findings are discussed in the context of empirical studies that benefit
from SAR data over a large range of island areas [89-93]. Of particular
interest are [89, 90], where two different Island SAR forms are discussed in
relation to a common mainland.
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Figure 3.1: Species-area plots generated through 50 realizations of interaction ma-
trix with mean = -1 and variance = 0.2. A;n;x = 50000. (A) The
semi-log form shows a better fit. (B) The corresponding linear regres-
sion on a semi-log plot that shows an obvious upper asymptote.

Results

For no or low immigration rates, we get semi-log SARs (Figure 3.1). However,
there exists an intermediate range of immigration rates that supports power-
law SARs (Figure 3.2).

If interactions are structured such that the community contains many weak
interactions and a fewer strong ones, then a higher skew towards weaker in-
teractions shifts the SAR from a power-law to a semi-log relationship. Lower
connectances — such as those found in real communities result in lower SAR
slopes as in most natural communities.

Discussion

Our study identifies two major factors that differentiate semi-log and power-
law SARs: immigration rates and skewness towards weak interactions. It is
also evident that both functional forms show similar fits to the data except
for very small and very large areas.

The case of remote archipelagos

A key result we report is that low immigration rates translate to semi-log
SARs. As a crude test, empirical studies from remote archipelagos should
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Figure 3.2: Species area plots demonstrating the better fit of power law SAR for
intermediate values of immigration rates. Panels A and C show the fits
for A = 0.1 and A = 0.01 respectively for 50 instances of the interaction
matrix. Panels B and D correspond to the respective linear regressions
on log-log plots. The interaction strength mean and variance are -1
and 0.2 respectively. A;nix = 15000.

concur with this result. Two extensive studies from the Southwest Pacific are
extremely well-suited to this end [89, 90]. The Solomon archipelago studied
in [90] is more than 600 km away from the ‘source island’ of New Guinea.
The authors find conclusive support for the semi-log form for islands that
span over six orders of magnitude. The archipelago consists of three clusters
of islands — each of which show very similar SAR slopes. In fact, the authors
state that with increasing isolation of an archipelago, the SAR may shift in
form from a power function to an exponential (semi-log). This observation
is complemented by another study [89] (by the same authors), where they
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Figure 3.3: SAR plots for three groups of non-isolated islands within the Solomon
Archipelago. These groups differ in how the islands within them were
connected during the Pleistocene period. The islands in Group 3 did
not have any history of connections. The semi-log relationship shows
a good fit to data (A). The R? values for the regression lines are 0.978,
0.982 and 0.955 for Group 1, 2 and 3 respectively. The slopes for the
different groups are very similar. Panel B shows a clear departure from
a power-law relationship for smaller areas. The linear regression lines
indicate a good fit for islands larger than one square mile. In particular,
the R? value for such islands in group 1 is 0.976 from the power-law
SAR. This demonstrates that a naive inference could support a power
law, in spite of the islands spanning over four orders of magnitude in
area ( > 1 square mile).

study islands that lie 5 to 500 km from New Guinea. That dataset shows a
clear power-law for the SAR. Our finding on semi-log SARs is also supported
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by data from distant archipelagos in the Atlantic [91] as well as the Indian
Ocean [92, 93] (Supplementary Appendix S2 in Paper 1).

Conclusion

This study disentangles factors that might result in the two most widely ob-
served SAR forms for islands. We conclude that the semi-log functional form is
observed for islands systems with low immigration rates. On remote archipela-
gos, the difference between the two functional forms might only be evident on
the smallest islands where the power-law form overestimates species richness.
This calls for a systematic estimation of the Island SARs in field studies,
given that islands systems have witnessed disproportionately large number of
extinctions [94, 95].

3.2 Paper 2

Consider a large contiguous landscape characterized by a many species inter-
acting over different spatial locations. What diversity patterns emerge if the
landscape is understood as a collection of many habitat patches connected by
high dispersal of species? Of particular interest is the limit of very high dis-
persal resulting in spatial coherence of species densities across patches. When
studied for the theoretical extreme of total randomness and no spatial cor-
relation in inter-species interaction strengths, spatial coherence simplifies the
analytic investigation of complex ecological systems. We further extend the
emerging simple picture to more structured landscapes so as to explore various
aspects of habitat heterogeneity and its relationship to diversity patterns.

Methods

We use a spatially-extended version of the GLV equations where dispersal
between well-mixed patches is captured through diffusion. The equations
read as:
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w — rii(x, 1) (1 - (bi%’ t))

N
—i—(/)zthA X)p;(x,1)
=1

+ DV?¢;(x, 1),

where ¢;(x,t) are species abundance densities for species i at position x
and at time t. As previously, r; and K; represent intrinsic growth rates and
carrying capacities respectively. These equations resemble reaction-diffusion
equations, but we discretize the spatial dimension such that a given point in
space represents a well-mixed patch that can undergo local GLV dynamics in
the absence of dispersal. The Laplacian operator V2 = 5% _ §2/8z2 (where
d is the dimension of space) is discretized on a two-dimensional lattice as:

V20i a8 = (iat1p + Dia—15 + Giapi1l + Piap—1 — 40ias) /B> (3.5)

which implies that the Laplacian operator acting on abundance density
®i.ap at spatial patch («,3) transforms it based on the abundance densities at
adjoining patches and the given patch. Beyond this cumbersome notation, the
diffusion term has a simple function — to enable dispersal between patches such
that the abundance densities are ‘equalized’ or homogenized. The equation
3.4 also contains interaction and growth terms that dictate the dynamics of
the system in conjunction with the diffusion term.

One primary objective of this analysis is to understand how spatial hetero-
geneity in interactions affects diversity patterns. The interaction strengths
A;;(x) between any pairs of species are allowed to vary with the patch loca-
tion x, although the local means and variances of the interaction matrices are
kept constant. In effect, interaction heterogeneity is used as a placeholder for
habitat heterogeneity.

High-dispersal and spatial coherence

In the high-dispersal limit, abundance densities become coherent across spatial
patches. An observation greatly simplifies the analysis of these spatially-
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extended systems — in the coherent limit, the system can be described by
regular GLV equations with an effective interaction matrix A (cross ref fig).
That is:

—dqzlft) = Tz‘qbi(t) ( gbl ) + ¢z Z A'LJ ¢J (36)

Each entry within flij is an average of the corresponding pairwise interaction
over all spatial patches. The standard deviation of A;; could be used to study
the stability and species richness of the spatially-extended ecosystem.

Spatial heterogeneity and species richness

It is unlikely that the interaction strength between two species is entirely un-
correlated across all spatial locations. A more reasonable setting is to consider
some correlation between interaction strengths across space. We investigate
how spatial heterogeneity affects the relationship between the number of habi-
tats and species richness. This relationship has been actively studied in the
context of the Area-Heterogeneity Trade-off (AHTO) hypothesis. The earliest
proposals championed a unimodal relationship between the number of habi-
tats (located in a fixed area) and species richness [96]. However, a recent
experimental study reported a monotonic functional form [97].

The authors of [97] expected the positive relationship to be strengthened
by increasing dispersal. The high dispersal coherent limit we described is con-
ducive to theoretically understand these results. This is partly because the
effect of environmental stochasticity is subdued when inter-species competi-
tion shows high variation [98]. High dispersal also increases the rate at which
community assembly takes place, which means that stochastic effects are less
dominant.

The simulation setup consists of nine patches, each of which could have a
habitat characterized by an interaction matrix. The interaction strength for
each species pair is correlated by a constant amount across habitats. We run
our simulations for different spatial correlations p and plot the species rich-
ness resulting from an increasing number of habitats that could be randomly
distributed over the nine patches.

It is unlikely that constant spatial correlations exist for very distant spatial
patches. If a fixed correlation is assumed between adjacent spatial patches
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only, then how do species richness patterns compare against those from uni-
formly correlated cases? We address this question by analysing the situation
in one spatial dimension.

Results

Relative species richness (n/N) for A
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Figure 3.4: The plot shows how the relative species richness (n/N) increases with
heterogeneity, in effect number of habitats. The data points are
species richness averages from 20 runs of systems with pa,, = 0 and
0,5 = 5/4y/cn and one standard deviation errorbars. The species
richness saturates at relative species richness 1, which corresponds to
complete coexistence of all species in the original species pool. The
inset shows the decrease of the standard deviation of the entries of the
effective interaction matrix . Since the effective system captures the
dynamics and stability properties of the underlying metacommunity,
this demonstrates (as in the framework of May) how the proxy for ef-
fective complexity of the metacommunity decreases, thereby allowing
for a higher species richness.

If species interactions are totally uncorrelated in space, then the variance
o2 and mean ji of the effective interaction matrix have exact analytical ex-
pressions. If each local interaction matrix has mean p and standard deviation
o, then we find:
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E[Ay] = cp
=
(3.7)
Var[Aj] = 5(0” + p*(1- o))

where c is the connectance. Each non-zero entry corresponding to species
¢ and j at spatial patch g is considered a stochastic variable X;;, where ¢ =
j=1,2,.N,g=1,2...G.

Equation 3.7 implies that ¢ — 0 in the limit of infinitely many habitats
(limit G — o0). Equivalently, a fully-feasible and stable ecosystem is theoret-
ically possible for indefinitely large local o if there exist an infinite number of
habitats connected by high dispersal.

Spatial correlation mediates heterogeneity-richness relationships

Low values of p result in a significantly positive relationship between species
richness and the number of habitats, irrespective of whether the interaction
matrix mean is zero or negative (Figure 3.5) . For the case of zero interaction
mean and spatial correlation p, the analytical expression for the variance 63
of the effective interaction matrix can be calculated. This reads as:

Var[Ai,) = —= 1+ (G —1)p) (3.8)

where o is the standard deviation of the local interaction matrices, as pre-
viously. In the limit of very large number of habitats G, we get

Var[Aj,] ~ po? (3.9)

If one assumes spatial correlation p,, between adjacent patches only, then
the following result holds (for one-dimensional space):
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Figure 3.5: Relationship between habitat heterogeneity and species richness. For
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a given value of p, the plots show the mean species richness (with one
standard deviation error bars) resulting from different number of habi-
tats distributed over nine spatial patches. A given number of habitats
corresponds to an equivalent number of correlated random interaction
matrices such that the means are computed over 50 realizations of these
matrices. The two panels correspond to (A) Mean interaction strength
= 0. (B) Mean interaction strength = -0.5.

§ o’ (G +23700 Pl (G~ 77))
Var[Aijpm] = G2 (3.10)
(ﬁm.




3.2 Paper 2

If two habitat patches are separated by k patches between them, then the
spatial correlation between them is equal to (p,,)**!. In other words, correla-
tions fall off exponentially as the separation between patches increases. Given
infinitely many spatial patches, o, . — 0. High species richness could still
result from high spatial correlation between adjacent patches. The exponen-
tial decay of correlations with distance, paves way for large spatial variation
in species interactions.

Discussion

Spatial coherence through high dispersal offers a unique perspective to un-
derstand diversity patterns in spatially-extended ecosystems. All the results
we presented were obtained in this limit. We consistently found that spatial
heterogeneity and high dispersal promote species richness for complex local
communities.

The theoretical extreme of spatially uncorrelated interaction matrices pro-
vides simple yet rich insights. We show analytically that such a setting could
allow for fully-feasible and stable metacommunities even if the local commu-
nities are extremely complex. Dispersal and heterogeneity have been shown
to promote stability earlier as well [59].

The standard deviation of the effective interaction matrix could also be used
to study diversity patterns in cases where species interactions are correlated
uniformly everywhere or only between adjacent patches. We found that in-
creasing the number of habitat patches in a fixed area results in significantly
higher species richness, as opposed to the unimodal relationship advocated
by the AHTO hypothesis. Since authors of [97] reported that increasing the
number of habitats had a significantly positive effect on species richness, we
surmise that this could be a consequence of high spatial variation in inter-
species interactions.

A sufficiently large contiguous landscape would always have variation in
species interaction strengths over space, which motivates the picture of many
habitat patches connected to one another. The different cases we analysed
consistently showed that spatial heterogeneity in interactions promotes high
species richness. Factors that promote such heterogeneity could therefore
explain how high diversity persists in large contiguous landscapes.
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3.3 Paper 3

Biological invasions show up in a variety of contexts. Over the course of their
history, ecosystems regularly witness arrival of new species through processes
such as range expansion which could be a result of chance events or human
intervention. Invasions could also come from within the community, such as
when a new mutant strain evolves from an existing strain of bacteria within a
microbial community. Invasion events are therefore the hallmark of ecological
communities rather than mere aberrations. The study of invasions is thus
intimately tied to understanding the assembly of ecosystems and their possible
future states in the face of impending invasion events.

The outcomes of invasions are hard to predict, especially if the communi-
ties are large and the invading species are not rare. Large communities are
characterized by species interactions that are hard to measure precisely. It is
common to classify invasion outcomes into broad categories like coexistence,
turnover, and invasion failure [99, 100]. This paper furthers the scope of pre-
diction beyond these broad outcomes to identify the structure of ecological
communities post invasion. The framework we develop, aims to predict the
structural outcomes of invasion events, i.e., what set of species persist at the
new equilibrium. It also allows much flexibility in initial invader abundance,
structure of interactions and the functional response of the underlying model.

Methods

The prediction workflow is illustrated in figure 3.6. We divide the community’s
time evolution into three chronological states: pre-invasion, transient state and
post-invasion state.

Let’s consider population dynamics of the following form:

dX;
dt

where R(X) is the effective growth rate function that also contains species
interaction coefficients.

— X.Ri(X) (3.11)

Our framework uses the following important result based on the concept
of a strongly uninvadable state 2.44 — If the current state of the system is in
the vicinity of a strongly uninvadable state, then the relative entropy between
them decreases monotonically with time [101]. We use this result to prune
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Pre-invasion state Xi* Find proximate system Compute proximate equilibria

Bl %) .=.== (V5% w ]

Initial Equilibrium: X,,* S [ I
g -
M‘ r — Transform the - [ "\ i; ﬁ ﬁ] — Select proximafz

equilibrium X *
closest to Xi*.

interaction matrix

. e P *
Invader abundance: Xo* Proximate equilibria: Xf

Discard proximate equilibria
* % o using invasion fitness r,
X[ X, 0 X1 and fitness gradient dro/odXo.

. i * o

Interaction Matrix: A

Figure 3.6: This illustration shows our prediction workflow in the most general
case. The proximate equilibria here differ in terms of having different
set of surviving species. As we discussed in the Methods section, a
possible estimate for the invader’s final abundance can also be used to
discard certain outcomes for type I functional response.

the space of invasion outcomes by time evolving the current system state and
computing its distance to possible uninvadable equilibria. If a system does not
admit such equilibria, then we use the uninvadable equilibria of a sufficiently
close system to compute distances from the current system state. We call
such nearby systems as proximate systems and the corresponding equilibria
as proximate equilibria.

Proximate systems can be constructed for models such as the gLV equations
by making the self-interaction terms more negative. We describe another
approach in the paper, but in general no unique procedure exists.

We further use the invasion fitness and fitness gradient to time evolve the
invader’s abundance. Time evolving the abundance state of the entire com-
munity is desirable but complicated, so the invader’s abundance trajectory
serves as a useful proxy. With regards to the equation 3.11, invasion fitness
can be written as:

To = R()(X}ko) (312)

where the subscript /0 denotes omission of the invader’s abundance. Arnoldi
et al. [100] defined fitness gradient by considering the addition of an invading
species as a press perturbation on the growth rates of the resident community.
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The fitness gradient can be expressed as:

dT‘() - 8R0 + 8R0 an
dXo, 0Xo e 0X; 0Xo

(3.13)

r,>07?
ol \s
f,>0
f,<A,and|r/f]|<0.01 and
Irl <f,

Invader goes extinct| | Invader might coexist Invader might coexist| | Invader goes extinct
if f0 <0 if not rare initially

Figure 3.7: The decision tree determines the outcomes for the invader based on
the values of the invasion fitness ro and fo. The invader always goes
extinct if its initial abundance is low and ro < 0.

The decision tree (Figure 3.7) uses the invasion fitness and the fitness gra-
dient to determine the approximate trend of the invader’s final abundance. In
cases where the invader’s extinction can’t be determined, the final abundance
is estimated as follows (Figure 3.7):

1. If fo < 0 and ry is not too large, the final invader abundance is ap-
T0

proximately equal to 7 ([100]). We use this approximation only if
|ro| < 10| fol.

2. Otherwise we set the invader’s final abundance equal to the abundance
from the corresponding proximate equilibrium.

After filtering out implausible proximate equilibria, we predict the structure
of the invasion outcome using the proximate equilibrium that is closest to the
pre-invasion state.
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To quantify how well our framework performs, we define a predictive score
that takes values between 0 and 1, where the score is 1 if the invasion outcomes
structure is exactly predicted. For cases where a fraction of the extinct species
are correctly identified, the prediction score is simply the ratio of the predicted
number and the actual number of extinct species. In all other cases, the
prediction score is 0.

We test our framework for many simulated settings including evolutionary
contexts where new mutant strains invade an existing community. Recent
experiments with microbes have shown that bottom-up assembly processes
cannot build many larger complex communities [102]. We compare the results
for invasions in communities which are assembled in two different ways:

1. For sequentially assembled ecological communities, we start with an ini-
tial feasible community of 10 species and introduce invaders one at a
time. We track the predictive ability of our framework as the starting
community is pruned by subsequent invasions. We expect that predict-
ing invasion outcomes in this case should be easier than that of top-down
assembled communities.

2. For the case of top-down assembled communities, we build a feasible
community with some number of species thrown in together and then
introduce an invader. We repeat this for a feasible resident community
of the same size and with statistically similar parameters. The results
are then compared for different sizes of resident communities that have
between 10 and 100 species.

We also consider the case of type-II functional response with the following
dynamical equations:

dXi _ X, (Ti - riX n EZ _Ainj _ Z _Ajz'Xj )
K; 7 146 lzkAzk:Xk r 1+6 1ZkAijk
(3.14)
A;; is the positive per-capita effect on species ¢ from j. We draw A;;
based on the body masses of different species. By picking a random niche
value n; between 0 and 1 to each species, the body masses w; are assigned as
ni o™ [103]. A species only feeds on prey that lies within its niche

feeding range. We set ¢ = 0.2 and 0 = 1.

w; = w
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We also analyze a food-web dataset from lakes in Switzerland which wit-
nessed the introduction of European catfish a decade ago. We use the al-
lometric dynamical food-web model described in [104]. Parameters such as
metabolic and mortality rates are scaled with body sizes to infer different in-
teractions in the food-web. The dynamics exhibits abundance fluctuations for
long times, so we use our framework to forecast extinctions in the system. We
first assemble a food-web with just the resident species, and then predict the
outcomes for when the invading species is introduced.

Results

1.000
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- W

0.925
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0.875
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p=05pu=-150=05
0.825 p=05pu=00=0.75
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Figure 3.8: Starting with an initial feasible community of 10 species, the figure
shows average prediction scores as invaders are added sequentially. The
scores are averaged over 1000 consecutive invasion events. The initial
resident community is generated using u = 0, o0 = 0.5 and u = —0.5,
o = 0.3 for the 0 and negative mean cases respectively. The inset
shows the progression of species richness for each of the cases. The
two bottom-most trajectories in the inset correspond to the negative
mean cases.

Figure 3.8 shows how the predictive score changes with successive inva-
sion events when the invaders interaction profile is correlated to one resident
species, and these two species strongly interact with each other. Under these
conditions, invasion is much less successful than when such strong interac-
tions do not exist (Figure 3.9). The plots with p = 0.8 are more in line with
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Figure 3.9: Plots for sequential invasion events when the invader’s interaction pro-
file is correlated to a randomly selected resident species, but no dis-
proportionately strong interactions exist. All trajectories have p = 0.5.
Most events result in coexistence, and hence no more species are added
after a few hundred invasion events.

- u=-2,0=1
—— u=0,0=1
p=-2,0=1
pu=0,0=1

ol e e
o © ©
a S a

Average prediction score

o
1
S

0.75

20 60 80 100

40
Initial resident community size

Figure 3.10: Plots for invasion of top-down assembled communities. For a given
resident community size, the prediction scores are averaged over 1000
different communities with 4 = 0, ¢ = 0.3 and p = —0.5, 0 = 0.3
for the 0 and negative mean cases respectively. The figure legend
shows the parameters of the invader’s interaction profile. p = 0.5 for
all the cases shown. The dashed lines show results for initial invader
abundance = 0.1.

invading mutants, where p is the correlation coefficient between the species
interactions of the invader and one randomly selected resident species. p and
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actions are drawn using a random niche value.

o are the mean and standard deviation of the normal distribution from which

each interaction term is drawn.

Figure 3.9 also corresponds to cases with sequential assembly, but the in-
vaders interactions are drawn such that it does not have disproportionately

strong interactions with any of
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Figure 3.13: The dynamics of an aquatic food-web ([104]) after introduction of
the invasive species. As in the dynamics, our framework forecasts the
extinction of the Daphniidae species cluster (thick orange line) even
though its initial average abundance is high.
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Figure 3.14: Comparisons of extinct species clusters from the simulated dynam-
ics and our framework’s forecasts. Different iterations correspond to
adding white noise to the metabolic rates of species.

result in coexistence. We have more than 200 species with just around 300
invasion events and we therefore do not add any new invaders further.
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Top-down assembly results in lower predictive scores, but the results are
robust to changes in the pool size (Figure 3.10).

In figure 3.11, we show results for cases when interactions are known im-
perfectly. The prediction scores are relatively lower if we add noise to all
the non-zero inter-species interactions, as shown by the dashed line. In all
other cases, we omit noise from the interaction terms Agy; which capture the
effects on the invader and also appear in the invasion fitness. Under these
constraints, our approach captures a large fraction of the structural outcomes
except those where the invader and resident species coexist. The scores are
lower for cases with mean 0 because addition of noise could change the sign
of the interactions. In real contexts, we expect that the sign of these inter-
actions could be measured reliably in many settings, and adding noise while
still preserving the signs would yield better results.

The case with type 2 functional response is shown in Figure 3.12. The
predictive power is lower compared to the type 1 case.

With regards to the aquatic food-web [104], we see that one species clus-
ter (Daphniidae) declines from high average abundance to extinction (Figure
3.13). This is seen over many different realizations, each corresponding to
slight variations in metabolic rates (Figure 3.14). The forecasts from our
framework consistently converge with this result from the simulations.

Discussion

The main strength of the proposed framework is its applicability to a broad
range of settings even when the invaders are not initially rare.

Species interactions are difficult to estimate [105-108]. We therefore anal-
ysed the cases for which the interactions are known imperfectly. We found
that the outcomes can be predicted better if the effects on the invader are
known with higher certainty. This is in line with previous studies [100], and
it also suggests that measurement effort should focus on such interactions.

Our framework is closer to the structural perspective in spirit [37, 54, 55].
While these studies work with fixed interaction matrices and explore the space
of intrinsic growth rates resulting in feasibility, our work identifies variations
in the interaction matrix that preserve the structural outcomes.

In our analyses, coexistence and single extinction outcomes were more pre-
dictable than extinctions of species pairs. Events with many extinctions could
be missed by our framework. The possibility of even small structural changes
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via extinctions should anyway provide useful early warnings for better man-
agement of such systems.

The extinction forecast from the aquatic food-web [104] we analyzed, con-
sistently indicates extinction of the large zooplanktonic cluster Daphniidae.
Given that Daphniidae are important food sources for fish in the lakes [109],
invasion management could focus on measuring impacts of the catfish on these
planktonic species.

It would be useful to come up with transformations that make more eco-
logical sense since our current methods for finding proximate systems are
motivated almost entirely by mathematical simplicity. Transformations that
preserve the expected sign of interactions between species could be a good
place to start.

3.4 Paper 4

May’s influential paper [28] sparked the complexity-stability debate which has
led to a flurry of papers — some addressing the framing of the problem [110],
while others identifying factors that affect stability [103, 111-115]. The key
result in May’s paper drew upon Wigner’s semi-circle law which states that
the eigenvalue spectral density of large Hermitian random matrix ensembles
has a semi-circular — more precisely, semi-elliptical — shape [38]. There had
been related work on non-Hermitian matrices before May, which established
the circular law stating that for random matrices of size N x N, the eigenvalues
are distributed with uniform density at each point within a disk when N — oo
[39, 40]. For ecosystems represented by large random community matrices,
May showed that the radius of the disk grows with the connectance, standard
deviation and the number of species. This helped put strong mathematical
bounds on the stability of ecological systems, if one were to characterize sta-
bility in terms of asymptotic stability.

Since then there has been work on finding mathematical bounds on the
eigenvalue spectrum of non-random matrices, but the efforts have been lim-
ited to only a few matrix classes such as those with elements having correla-
tions across the diagonal [45, 116-119]. In this paper, we find mathematical
bounds on stability which are ecologically interpretable and are applicable to
any real square matrix. We further derive stability conditions which can be
expressed in terms of row-sums of the interaction matrix, which in turn relate
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to the Energetic Equivalence Rule [120]. This rule states that the total rate
of consumption per population is constant across species.

Finding ecologically-interpretable stability bounds

We use two key results to derive the new bound. The first is Gershgorin’s
circle theorem which states that the eigenvalues of a matrix lie within the
union of disks defined by each matrix row (or column) such that the disk radii
R; are equal to the sum of absolute values of the non-diagonal elements of
the respective row (or column). Also the disk centres O; are equal to the
respective diagonal elements.

J#4
We assume that all the diagonal entries are the same negative value, i.e.,
A;; = —s which is a common assumption in almost all past theoretical studies.
Using this theorem, we can place bounds on the real and imaginary parts of
the eigenvalues by using the disk with the largest radius:

Re[A(A)] < Maa:[z |Ai|] — s (3.16)
J#i
Im[A(A)] < Maz[y | |Ay]] (3.17)
J#1

where Re[.] and I'm[.] denote the real and imaginary parts of any eigenvalue
of matrix A, i.e., A(A). Also Maz[.] denotes the maximum value.

We can already use this theorem to find a preliminary bound on eigenvalues
and compare it to May’s results. Consider the case s = 1. For large random
n/timesn matrices with connected C, the law of large numbers implies that
the sum » ., [4;;] will be equal to nC' times the mean of the distribution
from which the terms |A;;| are drawn. In fact, these terms come from a folded
normal distribution if A;; are normally distributed. The mean of the folded

distribution is equal to \/ga if the mean of the underlying normal distribution
is equal to 0 and the standard deviation is o. In the most general case, the
mean of the folded distribution is always than o.

62



3.4 Paper 4

Re[A(A)] <nCo —1 (3.18)

Compared to May’s bound which scales as v/nC, this is a much weaker
bound but fairly easy to prove.

The second theorem we use are the Bendixson-Bromwich inequalities [121,
122]. These rely on the fact that a matrix A can be expressed as the sum
of a symmetric A; and anti-symmetric matrix A,s, i.e. A = Ay + Ays =
(A+ AT)/2 + (A — AT)/2 where T denotes the transpose. The inequalities
are:

Re[A(A)] < Max[\(Ay)] and Im[A(A)] < Max[M(Ags)]  (3.19)

By combining equations 3.16 and 3.19, we get the most general version of
the new bound:

Re[A(A)] < Maz[\(A,)] < Maas[% S Ai + Al — s (3.20)
J#i

This is a tighter bound than the bound 3.16 because Max[}_,_, [A;[] re-
quires that most of the |A;;| terms are also large. This implies that most
terms %Z#i |Ai; + Aji| are less than or equal to |A;;].

The bound contains a sum over absolute values of terms within a row of the
interaction matrix or its symmetric part. Intuitively, the row corresponding
to the species experiencing the strongest interaction effects should maximize
this sum. In this sense, this bound already points us to interesting ecological
directions. We apply it to specific ecologically-inspired cases to highlight the
insights gained from this simple bound.

First consider that for a predator-prey pair, the interaction terms would
have opposite signs for the two. Further, the interaction term for the predator
will be a fraction € of the prey’s interaction term. € is the conversion efficiency,
whose value is typically around 0.1 [123, 124] but we consider it to lie between
-1 and 1 to capture a broad range of interactions. The corresponding matrix
is generally expressed as:
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-5 ... €A1
An(e) = | + . (3.21)
_Anl c. —S

where A;; > 0. Instead of being a constant, e can also be used as a corre-
lation between elements lying symmetrically across the diagonal [45, 116]:

<Aij7Aji> = —¢€ (322)

We also consider another ecological direction that relies on the fact that
species are limited in terms of the total resources they can consume. Our
bound is well-equipped to utilize this fact by virtue of containing the row
sums that represent the overall consumption and loss terms for each species.
We use the example of the gLV equations whose Jacobian is the following;:

—S1 ... €A, Ny
In = : : (3.23)
~ ANy ... =S,
where S; = riN}/K;, N}, r; and K; are the equilibrium abundance, intrinsic
growth rate and carrying capacity respectively for species ¢. € is the conversion

efficiency. We will find stability bounds corresponding to matrices 3.21 and
3.23 in the results section below.

Comparing bounds on gut microbes

We also compare the two versions of our bound 3.18 and 3.20 on data from
stable microbial systems in the human gut [125]. The differences between
using the standard Jacobian and just the interaction matrix are also of interest,
partly because most bounds are based on the interaction matrix alone, thus
ignoring the role of abundances [28]. Further, the abundances are central to
relating our bounds to principles like the Energetic Equivalence Principle.

Results

For large matrices of the form 3.22, using our general bound 3.20 gives:
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Re[M(A(e))] € Maz[M(A,(e))] < (%\1 — ¢ x Maz[}_ Aji]) s (3.24)
Jj#i

for the reason that terms in the symmetric matrix A would have factors
of (1 —¢€) or (e — 1) and the sum is over absolute values of each term yielding
|1 — €.

For the case of a large random matrix with connectance C, as in the in-
equality 3.18, we get:

Re[M(A( |1 - 6|nC'U -5 (3.25)

In a similar way, one can find the bound along the imaginary axis by con-
sidering the anti-symmetric part of A(e) which would give !1 + e‘nCJ. These
bounds show a similar dependence on € and o as Girko’s elliptical law [43]
which also considers a similar correlation across the diagonal.

With regards to the matrix 3.23, we consider a simpler case with all S; =
s. For each species, we divide their interactions into gain and loss terms
depending on whether these correspond to consumption/gain or loss. Then
our general bound for this matrix gives:

Z Aji|€N;_NZ’*

Re[A(J,)] < Maz[A(Jys)] < %Ma:z:[ S Aji| - NN I

J,gain 7,loss
(3.26)
The gain and loss terms within Maz[.] can be further written as:
Z AjiN7|1 - | and > AN - e | (3.27)
j,gain j,loss
|e%{ and ‘ex?; are << 1 given that ¢ < 1 and consumer/predator pop-

ulations are typically smaller than resource/prey populations. Species i is a
consumer in the gain terms while a resource in the latter. Hence,
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1 1 . .
Re[A(Ju)] < (3Maz] Y AjlNj + Y A;uN;] = s) = (;Maz[Di + E}) - 5)
j,gain 7,loss
_ %(D +E)—s
(3.28)

where D and E are the maximum overall rates of consumption/gain rate
and loss for any individual in the system across species. Crucially, this bound
does not increase with the number of species, thus providing a resolution to
May’s paradox.

We now ask if there are species characteristics that correspond to maximum
values of gain and loss rates. While the Energetic Equivalence principle is
debated, it implies that the total consumption rate per individual should
be inversely proportional to the equilibrium abundance N of that species.
Combined with Damuth’s rule, i.e. N/ MZ-_B/ , we get that D; M3/4
where M is the mass of an average individual for that species. The bound
would be maximized by species with the biggest-sized individuals by virtue
of maximizing D;, more so if they are large predators which only have purely
consumptive interactions. The effect is further accentuated by variation in
the diagonal elements. The bound for the matrix with heterogeneous diagonal
elements as in the Jacobian 3.23 is:

Re[\(J,)] < (%Ma:[:[Di + E;] - 5;) (3.29)

S; depends on N;. The biggest-sized species would minimize S; via their
abundance as a consequence of Damuth’s law. By the combined effect of
maximizing D (or the radius of the Gershgorin disk) and minimizing S; (or
bringing the centre of the disk closer to 0), the largest species are expected to
play a major role in determining stability.

In figure 3.15, we see that bounds with the full Jacobian matrix are tighter
than those using only the interaction matrix. This is expected because the
full Jacobian contains abundances which are key to constraints on the net
inter-species interactions 3.29. The general bound 3.20 also lies closer to the
eigenvalues as compared to just the Gershgorin bound 3.18.
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Figure 3.15: Calculated eigenvalues and geometric bounds based on gLV parame-
ters measured from stable microbial systems in the human gut [125].
Notice that our new bound (green) always does a better job than
the Gershgorin bound (blue) and places a fairly strong constraint on
the actual calculated maximum eigenvalues (red). Moreover, bounds
based on the standard Jacobian matrix (solid lines) are tighter than
bounds based on the interaction matrix (dashed lines) used by May
[28] and others. The labels at the bottom of the x-axis correspond to
the particular environment and diet: I __M=Inulin + monosaccharide,
I = Inulin, L=Laminarian, .. M=Laminarian 4+ monosaccharide,
N__C=No Carbohydrate (glycerol stock in ABB media), X=Xylan,
and X_M=Xylan 4+ monosaccharide.

Discussion and Conclusion

In this study, we found a mathematical bound on the stability of ecosystems
whose form is ecologically interpretable and it is applicable to any type of
interaction matrix. The bounds were derived using simple results from linear
algebra Gershgorin circle theorem and the Bendixson-Bromwich inequalities.
The resulting expression for the bound is also geometrically intuitive since
one can interpret the terms as the radius and centre of the Gershgorin disks.
A simple way of guaranteeing stability is to have small radii of the disks and
making the centres more negative. These requirements directly translate to
keeping the net interactions small and making the self-interactions/regulation
more negative. From the bound 3.29, one can see that if the summed net
interspecific interaction strength is smaller than the self-regulation term S;
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for every species, then stability would certainly follow. This can be thought
of as a condition for multi-species coexistence since the underlying Jacobian
3.23 assumes a feasible fixed-point.

We also relaxed a wide range of restrictive assumptions that are routinely
invoked in studies on mathematical bounds on stability. This is captured by
the matrix 3.23, which allows for dependence on species abundances as well
as heterogeneity in the self-interaction terms. To our surprise, embracing this
heterogeneity enabled simplifications giving the results 3.28 and 3.29 that are
independent of the number of species while also being elegant and ecologically
insightful.

These bounds imply that adding more number of species could still keep
the system stable as long as the total consumption and loss rates are not
very high. This could be achieved by having a fixed row-sum constraint that
does not allow consumption to scale with the number of species. Overall our
study provides a simple way to understand how real ecosystems could be both
complex and stable.

3.5 Paper 5

This study uncovers the spatial patterns in genetic connectivity of the sea-
grass Halodule uninervis and compares it to the oceanographic dispersal bar-
riers along the northwestern coast of Australia. One key objective is to un-
derstand the resilience of the contemporary genetic structure to catastrophic
disturbances. To counter the limited knowledge of dispersal properties of this
seagrass, the oceanographic dispersal barriers are investigated for a range of
fragment dispersal durations and for many different timescales over which the
genetic structure could persist. Seagrasses are important ecosystems that have
a range of functions from being a food-source for threatened species such as
dugongs [127] to sequestering carbon [128]. Interestingly, the study landscape
encompasses a large area north of Shark Bay, which is a global stronghold of
dugongs.

My contribution pertains to oceanographic dispersal barrier (ODB) analysis
that is described below.
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Figure 3.16: Seagrass population sites (yellow dots) along the north-western coast
of Australia, which were analysed for dispersal barriers under different
scenarios. A naive clustering of sites into metapopulations is possi-
ble based on geographical breaks in the distribution. However, this
clustering is sub-optimal and might not capture the actual barriers
to dispersal that is mediated by ocean currents and other biophys-
ical factors. The shades of the ocean represent varying sea surface
elevations that increase from lighter to darker shades. The map was
generated using the HYCOM sea surface elevation data [126]

Methods

ODB analysis requires fragment dispersal matrices that are generated by simu-
lating passive dispersal of vegetative fragments. Dispersal of biological species
is sometimes modelled as a diffusion process but it is a much better approx-
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imation of passive dispersal by media such as ocean currents. The genera-
tion process uses a biophysical oceanographic model [129] combining data on
ocean currents [130], fragment viability and mortality rate [131]. Prelimi-
nary dispersal matrices are first obtained by calculating likelihood of dispersal
from source to destination populations — i.e. between all pairs of sites — for
fragment dispersal duration (FDD) of 2, 7, 14 and 28 days. These matrices
were then projected forward in time (for 10, 50 and 100 years) using a recur-
sive recipe that combines matrix operations incorporating birth, subsequent
migration and growth to carrying capacity [132]. The resulting fragment
dispersal matrices represent combinations of different FDDs and life-history
based temporal mixing scenarios. Dispersal barriers that create almost discon-
nected subpopulations ( i.e. clusters of sites) are identified using the algorithm
defined in [29].

Oceanographic dispersal barrier (ODB) analysis

Identifying subpopulations broadly amounts to dividing sites into clusters such
that sites across different clusters have much lower transition probabilities
than sites within. We use a threshold parameter to determine whether two
sites are sufficiently likely to allow dispersal between them and hence be in-
cluded in the same subpopulation. Asin [29], by sweeping over the threshold
parameter and varying the penalty for clustering weakly connected sites to-
gether, many alternative sets of subpopulations can be found. These solutions
are compared by calculating the overall ’leakage’ between constituent subpop-
ulations, to find the optimal aggregation.

Some additional heuristics are used to find optimal solutions for the study
dataset. There is a critical transition probability corresponding to each so-
lution, which equals the inverse of the threshold parameter. This is useful
when two solutions have the same number of clusters and equal leakage —
the better solution should have a higher critical transition probability, which
amounts to stronger connections within the clusters. If the best dispersal
scenario corresponds to zero leakage between clusters, then we try to iden-
tify barriers within the largest of those clusters by allowing 'minimal non-zero
leakage’ between potential sub-clusters. This places ODB analysis in line with
the genetic methods since different subpopulations are never entirely disjunct
genetically.
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3.5 Paper 5

Results
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Figure 3.17: Results of the oceanographic barrier dispersal analysis for H. unin-
ervis fragment dispersal based on basal modelling outputs from
oceanographic modelling of 2-, 7-, 14- and 28-day fragment disper-
sal duration. Clusters indicate near zero leakage between identified
groups. Inset A and B show clustering with minimal non-zero leakage
for the base 2-day and the 7-day, respectively.

The genetic structure was best supported by the 2-day FDD model that
identified 12 clusters with zero leakage that persisted up to the 100-year pro-

jection. The genetic results indicated an additional barrier (at Balla Balla)
that was not captured by the ODB analysis. However, the largest cluster in
the 2-day FDD split into two sub-clusters at this barrier when minimal non-

71



Chapter 3 Present Work

zero leakage was allowed. The 7-day FDD could also identify some important
dispersal barriers but the number of predicted clusters declined greatly for the
14- and 28-day scenarios — 3 clusters each.

Discussion

The ODB analysis used a variation of the algorithm in [29], which is par-
ticularly suited for the case of zero leakage in the predicted clusterings. The
genetic clustering best matched the results of the 2-day FDD especially with
minimal non-zero leakage — but the 7-day model also managed to capture
some key dispersal barriers. The likely fragment dispersal duration might lie
somewhere between 2 to 7 days. Since dispersal barriers exist at smaller spa-
tial scales at the edge of the distribution, conservation should be managed at
these scales to prevent loss of genetic diversity. The results from two com-
plementary approaches show good agreement despite utilizing very different
types of data and analysis approaches. ODB analysis could therefore serve as
a cheap alternative to collecting genetic samples, especially in large landscapes
where extensive sampling requires considerable resources.
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CHAPTER 4

Discussion, Outlook and Reflections

Thomas Kuhn in his article ’Objectivity, value judgment, and theory choice’,
described one of the characteristics of a good scientific theory as being broad
scoped [133]. This means that a theory should have wider implications than
the data it was initially designed to explain. This is a high standard that
theoreticians revere even if they have a tunnel vision regarding problems or
systems at the outset. An idea/theory that comes close to this ideal is the
metabolic theory of ecology (MTE) which is fundamentally a model indepen-
dent approach.

The rich tapestry of life unfolds at various levels of organization and across
vastly different time scales. Using metabolic rate as a currency, MTE showed
that individual level effects of temperature and body mass can be scaled up to
study the analogous effects at the population or ecosystem level (section 2.7).
In a similar fashion, cellular level metabolic rates and allometric relationships
can be related to whole-organism metabolic rates. In fact these effects are not
unidirectional in the levels of organization, and changes in whole-organism
metabolic rates feedback on cellular size and metabolic rates [134] — find-
ings which were much broader than the patterns and data that led to MTE.
Models like gV and consumer-resource models can also be used to study
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sub-organismal processes. A very novel application is the modelling of self-
organization of regulatory T-cells (tregs) that prevent autoimmune responses.
Using a simple dynamical model that can be transformed to correspond with
consumer-resource models, it was shown that tregs minimize niche overlap
with each other, which is analogous to niche partitioning in ecological systems
[135].

This thesis showed that ecological processes can generate a range of patterns
at different levels of organization — species as well as the community level.
With regards to dispersal, the constituent papers used this concept in very
different ecological contexts.

Single species metapopulations have high dispersal probabilities for sites
that lie within than across them. The coastal landscape we studied allowed
for dispersal barriers that also indicate reduced gene-flow in an evolution-
ary sense. Paper 1 looked at complex ecological systems to understand the
incidence of the island SAR. As discussed previously, a key ingredient that
tipped the functional form of the relationship was dispersal of individuals
from a mainland pool, i.e., demographic immigration. Mainland-island sys-
tems provided a simplified setting to study a spatial law (i.e. SAR) without
explicitly invoking space. Paper 2 looked at the diametrically opposite case of
contiguous landscapes by considering them as a patchwork of many habitats
connected by high dispersal.

Interestingly, this drastic departure from an island-like configuration again
facilitated a simplification with surprising results. High dispersal results in
spatial coherence of species abundance densities, guaranteeing description of
the system in terms of an effective interaction matrix. We used the properties
of this matrix to get analytically exact results on stability and global species
richness. The different cases converged on one result — spatial heterogeneity
in interactions has a positive effect on species richness, and this effect becomes
stronger as the number of habitats increase. While spatial coherence might
be an idealized setting, it does provide a framework to study processes that
could drive high diversity in large contiguous landscapes.

Examples of such landscapes include tropical lowland forests that support
astoundingly many species of various types. Communities of species such as
trees show very high local (i.e. «) diversity in these forests, which is not well
understood [136, 137]. Evolutionary aspects might be key to solving these
puzzles but the temporal sequence of dispersal and speciation is only recently
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being uncovered.

A good example is the Amazon, where the absence of dispersal barriers
means that dispersal and speciation are not trivially related. A recent phylo-
genetic study found evidence for widespread dispersal assembly of some diverse
tree lineages [138]. Their proposal is to consider the entire Amazon basin as
a metacommunity on evolutionary timescales.

Some interesting future avenues could be explored to understand these em-
pirical findings. In particular, are speciation and widespread dispersal contin-
uously in operation to generate high diversity? Or does speciation have a role
only after local communities have been shaped by widespread dispersal? This
does seem like an additional layer of complexity but stripping it away at the
onset might deprive us of new patterns and simplifications that we constantly
seek.

The tapestry of life is not static, but constantly evolving while still retaining
traces of all that existed before. In this sense, its underlying fabric resembles
a palimpsest — a manuscript whose earlier text has been washed off to accom-
modate new text while traces of the older writing still remain. One of the
most striking examples of this is the Krakatau volcanic islands in the Sunda
strait, Indonesia.

The island witnessed one of the strongest volcanic explosions ever recorded
in 1883 which destroyed most of the island and the surrounding archipelago.
What remained was just the southern part of the island called Rakata though
most of the biodiversity was lost. Over the next century, many species dis-
persing from elsewhere recolonized the islands — not all that landed survived.
This was of great interest to ecologists and evolutionary biologists since it
provided a window to study ecosystem assembly from scratch [139]. By the
mid 20th century, the numbers of some species groups stabilized. In fact, the
islands contain almost the same number of bird species as islands of similar
size in Java and Sumatra. While this is a tale of ecological succession and
constant turnover of the species composition, the islands still exhibited macro
scale patterns that were expected of an island of that size in the region. Many
new species ’'invaded’ the island, but their fates were determined by the his-
tory of reassembly and other environmental factors. Such events raise many
interesting questions about community assembly and invasions.

Are invasions more likely to fill certain niches or functional roles better
than others? If species invasions homogenize a community [15], then how are
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the environmental impacts on species traits and functional diversity altered?
Large recolonization events are not exactly sequential because species keep
arriving before any of the invasion events can converge to some equilibrium.
There could still be a cohort of species that arrives and displaces an equilib-
rium of a recently established community. One can view invasions by many
species as being sequential in species cohorts/groups. The failure of certain
species to successfully invade could be more predictable than expected, given
that only some kinds of species would first arrive in such ecosystems thus
charting very specific assembly histories. It would be interesting to express
stability bounds in terms of ecological constraints on invasions. Metrics like
invasion fitness already represent simple constraints on effective growth rate
of invaders arriving in low abundance.

While controlled experiments with microbes have provided great control on
estimating parameters of those communities, there is much potential in using
time series data from natural microbiomes such as the human gut to infer
the underlying interaction strengths between species. Some very promising
approaches in this regard have been recently proposed [86], so it would be
interesting to compare the similarities between controlled and natural micro-
biomes and also understand how they differ.

Musings as a PhD researcher

My first reading as a PhD student was a book on complex networks that my
supervisor handed to me [140]. Dabbling through the book and some related
references, what grabbed my attention the most was that the social sciences
have the longest tradition of quantitative research on real-world networks
[141-144]. It was amusing to see the proliferation of ideas across disciplines,
and how some ideas and representations lie dormant for decades before a
breakout. Another very interesting example is that of ant-colony optimiza-
tion algorithms. Marco Dorigo while working on his PhD in systems engi-
neering was inspired by the ingenious work of Jean-Louis Deneoubourg and
his colleagues on ant behaviour, specifically how ants use pheromone trails to
find shortest paths to target locations [145]. The meta-heuristic algorithms
that followed were directly inspired from the distributed intelligence of ants
in solving search problems [146, 147].

I have gained much from being exposed to diverse academic traditions partly
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because of my training, colleagues and interests. Statistical physics — although
developed to study systems in the physical sciences — has developed many
powerful frameworks and techniques that have been widely used in handling
systems with many components. While none of these statistical physics models
can capture the real-world complexity of large ecological systems, they can
be employed to set baseline expectations by theoretically exploring various
ecological mechanisms. This has helped explain some unexpected properties
of systems such as hyper-diverse bacterial communities, which was earlier
considered intractable because of the extremely high-dimensional parameter
space [67, 148]. Not one size fits all, and therefore my work has found cases
where these simple results cant be extrapolated to larger systems — many of
which are not well-mixed but rather extended in space.

My PhD position is not tied to a specific grant or project, which has afforded
me sufficient flexibility in framing and guiding my research. My research has
moved from an extensive focus on simulations and modelling to shuttling be-
tween theory building and search for alternative representations of problems.
Paper 5 was an ongoing project of my supervisor, and although I played a
small role in the analysis and algorithm design, the results are expected to
inform the planning of conservation reserves. My subsequent work has focused
on abstract models to analyze the population dynamics of high-diversity eco-
logical communities. At times, this entailed rethinking existing models to
incorporate movement of species and the fact that species interactions could
vary in space. These model extensions are inspired from ideas within statisti-
cal physics — where such spatial heterogeneity has been extensively studied —
but not all ways of defining movement make biological sense. This ultimately
made me realize that my findings apply better to certain types of species than
the others — highlighting the context dependence of such complex adaptive
systems.

My work in ecology and evolution draws from my interest in natural his-
tory. A major focus of natural history is detailed observations of individual
organisms. Identification of individuals is of supreme importance, specifically
placing their identity at not just the species but various other levels of or-
ganization. Classified by age and sex, individuals of the same species might
look entirely different. In contrast, studies on macroecological patterns by
definition focus on distributions and species agnostic metrics which have also
been a characteristic of my work. Only recently I have reconciled the no-
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tion of species identities and functional roles in my work on invasions in large
ecological communities. Taking this view ties well to the question of what
diversity is at a fundamental level, whether it is captured by numbers, forms
or functions of species or their traits, and what representations can possibly
meld these concepts and their inter-relations.
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