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Abstract

As we move further into the Anthropocene, numerous challenges to sustainable devel-
opment present themselves. Questions abound: How do we feed a growing population?
What steps must we take to conserve ecologically valuable ecosystems? How can we create
the greatest improvements in global food security and equality? The increasing impacts
of climate change on Earth’s systems only serve to heighten the importance of, and diffi-
culty in, answering these questions. Given the complexity of the systems — trade networks,
ecosystems, etc. — to which these questions pertain, it is crucial that we gain a comprehen-
sive understanding of their dynamics before taking action. Without this, any changes to
these complex human-environment systems could have unintended and potentially calami-
tous effects. As such, the value of modelling techniques for exploring the dynamics and
potential futures of these complex systems is high. This thesis uses models to examine the
behaviour and possible future trajectories of 3 such systems. We begin by delving into the
temporal evolution of the global wheat trade network using a dynamic network model. A
preferential attachment mechanism is found to provide a good fit to the empirical network,
based on several key metrics. Our modelled trade network is quite fragile to shocks. How-
ever, as it grows towards 2050, its resilience to attacks will increase. Next, we implement
a spatially-explicit agent-based model for the forest-grassland mosaics of Southern Brazil.
These ecologically valuable systems are fragile, with simulated mosaics persisting only over
a narrow range of conditions. Mosaics may cease to exist in scenarios where climate change
impacts greatly reduce fire-mediated recruitment thresholds. When climate change effects
are less severe mosaics that do not disappear exhibit substantial alterations to their spatial
structure. Finally, we explore the dynamics of a human metapopulation linked through
a trade network. Centrality to the network is key to obtaining high food per capita, and
differences in centrality may result in inequalities between patches. Inequalities and issues
of food security can also arise when patch-level behaviours differ. Larger and more regular
network structures facilitate more equal patch-level outcomes and higher levels of food se-
curity. However, when patch-level import behaviours are heterogeneous, the best course of
action is to first modify these behaviours before adjusting the network topology. Across all
3 projects, modelled systems display complex behaviours. This emphasizes the necessity of
further development of models for complex human-environment systems that can provide
a more complete understanding of system dynamics and potential futures. The insights
gained from these models can be used to inform policies for facilitating positive outcomes
in real-world complex systems.
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Chapter 1

Introduction

Recently, the eld of \complexity science" has emerged as an attempt to grapple with com-
plex systems that have proved intractable via the established methods of more traditional
disciplines. Through interdisciplinary collaborations, researchers have attempted to gain
insight on, and in some cases predict, the behaviour of such complex systems.

De nitions of complexity, and of complex systems, vary widely (see [176] for example).
Here, we consider a system to be \complex" if it contains a large number of components
interacting with each other in such a way that the system displays behaviour not evident
from analysis of its constituents [338].

Commonly cited properties of complex systems include non-linearity, hierarchical or-
ganization, feedback, emergence, self-organization, robustness and lack of central control,
and numerosity [176, 338]. Though neither necessary nor su cient conditions for classi-
fying a system as \complex" they do provide us with a reasonable set of guidelines for
distinguishing between complex and simple systems [338]. As such, we will describe them
brie y to give an idea of the scope of complex systems, and complexity science.

Mathematically speaking, a function,f (x), is considered to be linear if it satis es 2
properties;

1. Additivity: f(x+y)= f(x)+ f(y),
2. Homogeneity:f (x )= f (x).

Functions that do not satisfy these properties are considered to be non-linear. Applying
this thinking to systems, we say a system is non-linear if a change to its input does not lead
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to a proportional change in output [176]. For example, there is a non-linear relationship
between the amount of time an athlete spends training and their performance [305]. Going
from not training at all to training 1 hour/week should improve performance, but we cannot
assume that if they begin training 5 hours/week they will perform 5 times better than on a
1 hour/week schedule. Additionally, training 15 hours/week is unlikely to lead to a 15-fold
increase in performance, and may result in a drop in performance due to fatigue.

Figure 1.1: Positive feedback loop between human population and agricultural land.
Visualization of the positive feedback loop between human population and agricultural land [42].

In a system with feedback, the behaviour of a component will impact the behaviour of
other components, creating a \feedback loop" if these other components in turn in uence
the original component. For example, when playing chess, the moves made by the \white"
player in uence the moves the \black” player makes, in turn a ecting the gameplay of the
\white" player. Feedback may be \positive"; if 2 components have a positive feedback
loop increases in the rst will result in increases in the second, in turn resulting in further
increases to the rst, creating an amplifying e ect. An example of this is the relation-
ship between human population and food production (Figure 1.1), as human population
increases, food production must increase to meet growing demand, and this increased food
supply will in turn result in further population growth (unless populations undergo a de-
mographic transition) [42]. In contrast, negative feedback has a dampening e ect, where
increases in one component result in decreases to the other, or vice versa. Blood pressure
regulation in the human body involves a negative feedback; baroreceptors detect when
blood pressure has become too low or too high, and signal for an increase (respectively
decrease) in heart rate to return blood pressure to within the desired range [133].

Self-organization in a system (also know as spontaneous order) means that random
local interactions between components can result in some global order [47, 176]. This
phenomenon arises in complex systems across a variety of elds, including biology, physics,
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economics, and linguistics. The collective behaviour of schools of sh, or ocks of birds (e.g.
Figure 1.2), arises from self-organization [66, 135, 47]. Additionally, it has been argued that
the market economy is self-organizing, via an \invisible hand”, and as a result distributes

resources more e ciently than if its order was determined by some overall design [236].

Figure 1.2: Simulated self-organization of ocking birds. Flocking model implemented in
NetLogo [324, 323].

The concepts of robustness and lack of central control are strongly linked to the idea of
self-organization. Systems that are self-organized, and thus not governed by some centrally
dictated order, tend to be robust to perturbations [176]. Returning to our earlier example
of a school of sh, the behaviour of the school is not likely to be greatly impacted by the
removal of a single sh; the remaining individuals in the school will re-order themselves
to maintain some overall organization. Conversely, if we removed the keystone from an
archway, we would expect that the archway would collapse, as the keystone's role in the
arch's ability to bear weight is crucial to the order of the system; its removal leaves us with
a disordered pile of rubble.

For complex systems, the behaviour and properties of the system as a whole dier
from that of its constituent parts. This phenomenon is known as \emergence" as these
characteristics emerge when we consider not only individual components of the system,
but how they interact with each other to create some larger whole [176, 150]. As such,
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self-organization is an example of emergence [67]. Complex systems have components
that often display very simple behaviours. However, the collective behaviour of the entire
system resulting from the interactions between these components is very complex [150].
This collective behaviour can be di cult to predict as, with a large number of components,

the number of potential interactions that must be considered is vast.

Emergent behaviour is often a result of the hierarchical organization of complex sys-
tems; the robust order created by the interactions of components at lower levels leads to
a distinct pattern of behaviour at a higher level [176]. The interaction of components, not
only within their level of the hierarchy, but across levels, contributes to complexity. For
example, the Fedation Internationale de Football Association (FIFA) is the global gov-
erning body for the sport of football, which governs regional football associations such as
the Union of European Football Associations (UEFA). These regional associations in turn
oversee national associations such as England's Football Association, and so on. These
components of the global system of organized football interact within their level of the
hierarchy. However cross-level interactions also occur, as when FIFA sanctions regional
associations for breaching the rules governing the sport.

As is evident from the above discussion, complex systems display numerosity; they are
made up of a large number of components that participate in a multitude of interactions
[176, 338]. This characteristic is quite intuitive; if there are very few components to a
system and/or if they very rarely interact, the behaviour of the system will tend to be
quite simple. Consider, for example, 2 people playing rock paper scissors; there are only 2
players, who are engaging in a single round of play, where the permutations (e.g. rock/rock,
rock/scissors, etc.) are quite limited. The numerosity of this system is quite low, especially
in contrast to something like a massively multiplayer online role-playing game (MMORPG).
Here, millions of players are interacting with each other, often multiple times, and are able
to engage in a much broader range of actions than simply choosing between rock, paper,
and scissors.

Understanding and predicting the behaviour of complex systems is a challenging task.
One method for doing so is through mathematical models. In order to do this we must nd
a way of representing these systems that simpli es them while preserving their essential
characteristics. Once we have arrived at some satisfactory representation of the system
we may begin to model its behaviour. Through such models, we can gain insight into the
function of the system, and how it might behave in future. By using models to perform
silico experiments, we can explore possible future trajectories for these systems without the
costs and potential for unintended consequences that would be incurred if we attempted
to manipulate aspects of the real-world system itself.



1.1 A brief history of network models for complex
systems

Complex systems can be conceptualized as networks of interconnected components. In
such a network the components of the complex system are \nodes" that are connected to
each other via \edges". Through this representation, we retain key information about the
system's structure of interactions [338]. By reducing complex systems to their essential
characteristics in this way, we can better facilitate their analysis and modelling.

Using networks as a framework for studying complex systems is a relatively recent devel-
opment [36, 216, 3, 338, 19, 320]. However, it is rooted in graph theory, which originated in
the 18" century. The city of Kenigsberg in Prussia, spread across both sides of the Pregel
river and the island of Kneiphof, possessed 7 bridges. This lead to a mathematical puzzle,
known as the \Seven Bridges of Kenigsberg"; how to leave one point in the city, cross all
7 bridges exactly once, and return to the original location. While it was widely believed
that no such route existed, no proof of this was presented until Leonard Euler tackled the
problem in 1735 [92, 5]. He did so by creating a graph, treating each piece of land as a
node, and each bridge as a link. This was the rst time a mathematical proof had been
demonstrated using a graph, and his published work on the topic is considered to be the
very rst \graph theory" paper [92, 5, 18].

Fast-forwarding to the 20" century, scientists became interested in studying systems by
modelling them as components interacting on a lattice. Perhaps the most famous of these,
the Ising model (Figure 1.3) comes from statistical mechanics [163, 226]. First proposed
in 1920 to demonstrate ferromagnetism, this model describes atomic \spins" arranged
on a lattice. These spins have one of two states {; +1). Through interactions with
neighbouring spins, a spin may \ ip” from 1 to +1 or vice versa. Another example is the
\voter models" developed in the 1970s, which describe the process of opinion formation
[151, 65]. Here each node in the lattice represents a voter, who has an opinion state (0O or
1). Voters are randomly selected, and their opinion changes with some probability, based
on the opinion of one of their neighbours. For example, if the neighbour has opinion state
1 and the selected voter has state 0O, the selected voter ips their opinion state to 1. In
such models, consensus can occur where all voters have the same opinion state. However,
coexistence between opinion states, where the system reaches an equilibrium with both
opinions, is also possible. In this case, clustering of like opinions will be evident.

Lattices have also been employed to explore evolutionary game theory, as in pioneering
work on the spatial Prisoner's Dilemma by Nowak & May from 1992 [221]. This model
explored how cooperative behaviour evolves in a spatial setting, where at each round of
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Figure 1.3: Spatial distribution of spins in the 2-dimensional Ising model. Model imple-
mented in NetLogo [324, 325], +1 spin shown in dark green, 1 spin in light green.

the game, agents situated on the nodes of a lattice play the Prisoner's Dilemma with
their neighbours. The Prisoner's Dilemma consists of 2 players, who choose whether they
will cooperate with the other, or defect, based on a set of payo s for pursuing each of
these strategies (Table 1.1) [301, 242]. Wheh > R > P > S | it is clear that both
players obtain the best payo by defecting. If PlayerY defects, so should PlayeX (since

P > S), and if Player Y cooperates PlayerX should still defect asT > R (similarly

for Player Y) [301, 242, 221]. While this behaviour is simply laid out for a single round
of the game between 2 individuals, outcomes are much more complex when the game
is played on a lattice. Nowak & May found that this implementation of the Prisoner's
Dilemma leads to spatial patterns of cooperators and defectors that vary temporally, with
both strategies persisting inde nitely. Depending on the payo s for di erent strategies,
the spatial patterns generated can vary widely. This work has implications for cooperative
behaviour in biological systems (e.g. between molecules, or organisms), with the authors
suggesting the spatial structure that emerges in such models is essential to the evolution
of cooperation [221].

Table 1.1: Payo s in the Prisoner's Dilemma. (x;y) indicate the payo s for players X and
Y respectively, for the given set of strategies.

Player Y
Cooperate Defect
Cooperate | (x;¥y)=(R;R) | (x;y)=(S;T)
Defect | (x;¥)=(T;S) | (x;y)=(P;P)

Player X




These models are precursors to the modern network models used in complexity science.
However, due to their use of regularly structured lattices they are unable to capture the ob-
served complexity of real-world systems [338]. The eld of \network science", which begin
to gain in prominence in the late 1990s with two seminal works by Watts & Strogatz and
Baralasi & Albert, provides an alternative [19, 320]. By employing networks, which have
more intricate structure and the potential to evolve temporally, analyses and modelling
e orts are better able capture the characteristics of real-world systems [338].

1.2 Basics of network science

Networks consist of components known as nodes (or vertices), connected to each other
by edges (or links). Networks may be undirected (Figure 1.4a), where only the pres-
ence/absence of a connection is considered, or directed, where edges have some inherent
direction (from one node to another), as in Figure 1.4b. Depending on the system being
considered, the directionality of interactions may or may not be essential information. A
network of actors that have collaborated with each other on Ims would not require di-
rected edges. However, directionality is important to a network of academic citations; it is
key that we know whether paper cited paperj or vice versa.

Figure 1.4: Edge types in networks.  Network with a) undirected and b) directed edges.



A network containing N nodes can be represented via @& N adjacency matrix, A.
For an undirected network, we say that each elemers; of the matrix A contains some
value

a = 1 if nodei is connected to nodg, (1.1)

: 0 if nodei is not connected to nodg, '
wherea; = g;, creating a symmetric network. For a directed network elements are de ned
as
1 if there is an edge to nodé from nodej,

0 if nodei is not connected to nodg

aj = (1.2)

such that we can store information on the direction of an edge [18].

The properties of networks, both at the network- and node-level, can be quanti ed in

a variety of ways. A few of the most common metrics, which are useful to us in describing
types of networks, are listed in Table 1.2. In regular networks (Figure 1.5a) all nodes have
the same number of edges, and thus the same degree [217]. In contrast, random networks
(Figure 1.5c) do not guarantee that all nodes will have the same number of edges. For
a set number of nodes, random networks can be generated either by randomly placing a
xed number of edges between these nodes, or by connecting pairs of nodes via edges with
some probability p (in which case the number of edges is not xed) [18, 217].

Table 1.2: A selection of common network metrics. Metrics for classifying network types.
Metric Description Source
Average node degree Average number of edges connected to a nodgd8, 261]

within a network
Assortativity Measures the extent to which nodes with similar [18]

characteristics (e.g. similar node degree) tend to
connect to each other

Average path length Average length of the shortest paths (along edges) [18]
between pairs of nodes in a network

Average clustering coe cient Describes the degree to which a node's neighbours[217,
are themselves linked, averaged over the network 261]

The Watts-Strogatz algorithm can be used to generate both random and regular net-
works (Figure 1.5). By beginning with a ring lattice (a regular network) with a xed
number of nodes and edges per node, and randomly rewiring each edge with probabgity
we can generate a regulamp(= 0) or a random network (p = 1). Networks generated for
p 2 (0; 1) may exhibit high clustering (like a lattice) and short path lengths between nodes



(like a random network); these have been dubbed \small-world" networks (Figure 1.5b)
[320, 292]. Many real-world networks exhibit small-world properties including food webs,
power grids, and trade networks [160, 271, 326].

Figure 1.5 Common network types. Using the Watts-Strogatz algorithm with di erent
rewiring probabilities, p, we can generate a) regular § = 0), b) small-world ( p = 0:25), and ¢)
random (p = 1) networks with 10 nodes and 20 edges [320].

Networks that follow power-law degree distributions, called \scale-free" networks (e.qg.
Figure 1.6a), are another commonly discussed network type due to their purported (though
disputed, see for example [41]) ubiquity in the real world [217, 19]. De nitions of what
requirements must be met to deem a network as \scale-free" vary, however it is generally
agreed that, in these networks, the probability that a node has degréeis given by

P(k) k (1.3)

where > 1 (e.g. Figure 1.6b) [41]. Networks of this type can be generated via a prefer-
ential attachment mechanism, such as in the Baabasi-Albert (BA) model [19]. In the BA
model, we begin withmy nodes, and at each step add a new node with  m, edges.
The probability that a new edge is connected to a nodealready present in the system is
proportional to nodei's degree k;), and is given by

(k)= P (L.4)
J

such that new nodes preferentially attach to nodes that are already highly connected [19].



Figure 1.6: Characteristics of scale-free network degree distributions. a) A scale-free
network with 250 nodes and 249 edges generated using the Baabasi-Albert model. b) The degree
distribution (green points) and associated power-law t (black line) for the generated network
where P (k) Kk 149,

1.3 Sustainability, resilience, and vulnerability in com-
plex systems

Discussions around the impacts of an increasing human population have been ongoing
at least since Thomas Malthus rst published \An Essay on the Principle of Popula-
tion" in 1798. Therein he raised concerns about the viability of feeding a population that
grows exponentially while food supply grows arithmetically; a concept now known as the
\Malthusian Law Of Population” [189]. Though his dire predictions of a malnourished
global population have not come to pass, in part due to technological advances such as the
manufacture of nitrogen fertilizer, new debates have ignited surrounding our consumption
of natural resources and anthropogenic impacts on ecosystems [297, 193, 126]. In 1972,
\The Limits to Growth" was published and proclaimed that yet another disaster awaited
humanity - one of civilization collapse in the 2% century, if the rates at which human
population, food production, resource depletion, industrialisation, and pollution have been
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increasing remain constant [199, 193]. Unlike Malthus, the authors of this report appear
to have been vindicated in their assertions, based on comparisons of their predictions to
actual post-1972 trajectories (see for example [303, 304, 126]).

The linked concepts of \sustainability" and \sustainable development" may provide us
with an avenue for avoiding such a catastrophic outcome for humanity in the 21cen-
tury. While numerous de nitions of these concepts exist, we focus on the characterization
introduced in the 1987 report \Our common future" from the World Commission on En-
vironment and Development. In it, sustainable development was de ned as \development
that meets the needs of the present without compromising the ability of future generations
to meet their own needs" [225]. Thus, the long-term goal of sustainability { balancing
the maintenance of environmental integrity with the ful Iment human needs { can be met
through sustainable development [168, 332]. Sustainability can be conceptualized using
the \triple bottom line" framework which describes it as a goal that can only be attained
if social, environmental, and economic sustainability are achieved (Figure 1.7). These 3
types of sustainability are known as the \bottom lines" or pillars of sustainability [165].
Other frameworks have also been proposed, such as the \circles of sustainability” which
introduces cultural sustainability as a 4' pillar [167].

Figure 1.7: The 3 pillars of sustainability. Social, environmental, and economic sustainability
are the 3 pillars or \bottom lines" of sustainability, all of which are required for sustainability to
be achieved [165].
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The United Nations Sustainable Development Goals (SDGs) were introduced in 2015
as \the blueprint to achieve a better and more sustainable future for all". Included are
17 goals for improving global sustainability by 2030 [214, 212]. Of these, 3 address issues
integral to the work presented in this thesis:

Goal 2: \End hunger, achieve food security and improved nutrition and promote
sustainable agriculture”,

Goal 13: \Take urgent action to combat climate change and its impacts”,

Goal 15: \Protect, restore and promote sustainable use of terrestrial ecosystems,
sustainably manage forests, combat deserti cation, and halt and reverse land degra-
dation and halt biodiversity loss" [214].

Though we do not discuss methods for combating climate change, our exploration
of climate change impacts may be useful to designing e ective strategies to combat its
impacts on ecosystems. Additionally, as noted in [99], achievement of Goal 1: \End
poverty in all its forms everywhere" and Goal 4: \Ensure inclusive and equitable quality
education and promote lifelong learning opportunities for all." relies upon advancement
towards Goal 2. Poor food security can impede productivity and educational attainment,
inhibiting economic development and making it more di cult to break out of cycles of
poverty [99, 33, 158]. It is clear from these SDGs that issues of food security, climate
change, and ecosystem conservation are integral to sustainability.

The sustainability of a complex system depends strongly on its resilience [182, 156, 333].
While there are numerous characterizations and types of resilience, Holling's de nition of
ecological resilience is most useful to us here. Ecological resilience is the perturbation (or
shock, or disturbance) that can be absorbed by a system before it loses its self-organization
and undergoes a transition to a di erent stable state. This de nition does not require that
a system be at (or near) an equilibrium, meaning we may still apply it to systems displaying
transient dynamics [153, 154, 155, 234]. Resilient systems adapt in the face of perturbations
or changing conditions; they are robust to disturbance [181, 156, 306]. Systems that are
unable to do so may be vulnerable, where vulnerability is characterized as the likelihood
of a system sustaining damage due to the introduction of a perturbation [302, 306]. As
such, consideration of resilience, vulnerability, and robustness are key to contextualizing
complex systems (the internet, trade networks, nancial systems, ecosystems, etc.) in
terms of sustainable development [197, 245, 145, 287, 82, 277, 234, 214, 316, 332, 306].
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1.4 Study systems

This thesis explores the behaviour of several complex coupled human-environment systems
(HES) [187]. In HES, human and environmental components interact to create complex
behaviours, such as the human systems driving emissions of greenhouse gasses and the
Earth's climate system [180] or human social behaviours and disease dynamics [318]. The
introduction of human in uence to environmental systems may alter their dynamics and
stability [27, 180, 136]. Thus, gaining insight into the behaviour of these systems is vital,

as they are essential to humanity's continued existence. In addition to describing our study
systems, we brie y discuss modelling techniques for these systems to provide context for
our work in later chapters.

1.4.1 Agri-food trade networks

Agri-food trade networks (e.g. wheat trade within South America in 2017, as in Figure 1.8)
are a key component of the global food supply system. Here the nodes are trading entities
(e.g. countries, cities), and the edges represent trade routes between them. These networks
display several properties of complex systems, most notably hierarchies of trade (from the
company to the country level), and self organization. The structure of these networks is not
determined by some overall guiding design, but by the multitude of interactions (trades)
between components. Previous work has characterized trade networks as small-world [271,
326]. In addition to the high clustering and short average path length characteristic of
small-worldness, these networks display heterogeneous degree distributions [89, 174, 51,
287, 110, 330].

Trade in agri-food products is crucial to the maintenance of food security, as it facili-
tates the redistribution of food supplies to meet demand. In a world where an expanding
population with shifting consumption patterns will require additional food resources from
a shrinking pool of viable agricultural land, the role of trade networks will become increas-
ingly important [258, 123, 177, 75]. Additionally, due to the environmental impacts of
trade and its role in driving land-use changes (e.g. deforestation), this complex system has
far-reaching e ects [123, 177, 75]. Some authors have suggested that the clustering in these
networks, and their skewed degree distributions make them a \weak link" for food security
due to the potential for trade disruption in a globalizing world [89, 330, 174, 51, 287, 110].
However, others have stated that the temporal evolution of trade networks is not resulting
in a lower level of food security, and that their growth may make them less vulnerable to
certain types of disruptions [238, 263].
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Figure 1.8: Wheat trade in South America. Visualization of the wheat trade network within
South America in 2017 using data from the Food and Agriculture Organization of the United
Nations [108].

Depending on the aims of a project, di erent types of models will be appropriate for
describing trade networks. If the focus is on the dynamic evolution of the trade network
itself, network formation models (e.g. preferential attachment) are developed, as in [117,
116, 110, 7, 94, 95, 288]. However, if the interaction of trade with other factors, such as
human population growth or land use, is the area of interest it is often simpler to use
a static network (which does not experience structural change during simulation) as in
[81, 82, 287]. Here, temporal dynamics are driven by the behaviours of the trading entities
(nodes), which interact with each other via a xed network structure.

1.4.2 Forest-grassland mosaics

Forest-grassland mosaics are complex systems consisting of distinct patches of forest and
grassland coexisting in close proximity. They occur around the globe, from the Atlantic
forest-Camposgrassland system in Southern Brazil (Figure 1.9), to Nigeria's Jos Plateau
forest-grassland mosaics, and the montane forests in India's South Western Ghats [224, 72,
80, 286, 29, 279, 39, 219]. In these systems, the self organization of forest and grassland
species into distinct clusters creates an overall \mosaic" pattern. Temporal trends in the
dominant land cover (from forest to grassland or vice versa) are driven by feedback loops
and threshold responses to changing disturbance regimes [136, 31, 34, 275, 286].
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Figure 1.9: Forest-grassland mosaics in Southern Brazil. Satellite image of the forest-
grassland mosaics surrounding the municipality of Cambar do Sul (2202 S, 5008 W) in the
state of Rio Grande do Sul generated using data from the Sentinel-2A satellite [2].

These unique ecosystems face disruptions due to the expansion of agricultural land
over both the natural forest and grassland states, as well as exotic species invasion, and
climate change [136, 224, 72, 80, 31, 227, 45, 293]. Previous eldwork and modelling have
shown that re, rainfall, and other aspects of environmental conditions are crucial to the
maintenance of forest-grassland systems [311, 280, 208, 1, 282, 253, 252, 278, 314]. Given
the ongoing e ects of climate change on temperature, precipitation, and the frequency
and severity of disturbances (re, hurricanes, etc.) in regions containing mosaics, the
continued stability of these systems is far from guaranteed [279, 29, 192]. Additionally,
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