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Abstract 
 

In science there has been a growing focus on networks as a way of understanding complex systems. 

Nowhere is this more apparent than in marine ecology where strong currents driven by wind, tide 

and oceanic flows can move larval particles vast distances. The networks created between source 

and recruitment sites are often complex and large. This capacity has not been adequately addressed 

in the modelling and conservation literature.  

This thesis addresses the role of graph theory in advancing applied and pure marine ecology from 

structural descriptions to conservation planning.  Chapter 2 identified the network structure of the 

Great Barrier Reef as generated by hydrodynamic modelling and Lagrangian particle transfer. We 

discovered that passive particle dispersal in the Great Barrier Reef forms a topology called “small 

world”. Small world topology is defined by the capacity of sparsely connected networks to remain 

comparatively small in their diameter (defined as the minimum number of links between the 

furthest vertices). We also compared the Great Barrier Reef network to a range of other topologies 

from simple lattices to intricate scale free graphs.  

In chapter 3, we described the impact that various dispersal topologies have on the metapopulation 
persistence of marine species. The stochastic metapopulation model developed by Drechsler 
(Drechsler M (2009) Predicting metapopulation lifetime from macroscopic network properties. 
Mathematical Biosciences, 218, 59-71) was adapted to explicitly incorporate graph theory metrics. 
This work highlighted the importance of topology on the metapopulation dynamics which will be 
overlooked by researchers using simple diffusion models to represent dispersal. In particular we 
discovered that networks with clusters (groups of highly connected populations also known as hubs) 
were more persistent across a range of extinction and colonisation rates.  
 
Enhancing metapopulation persistence is a desired outcome of conservation planning so 
understanding what effect the topology has on optimal reserve placement is critical. In chapter 4 we 
optimised the metapopulation mean life time, described in chapter 3, by reconfiguring the reserve 
design. These simulations were based on a variety of network topologies. We found that the optimal 
persistence of a metapopulation is best achieved by choosing sites in well connected clusters. We 
also discovered that additional reserves should then be allocated to sites that are relatively isolated 
from the main clusters. From a conservation perspective, metapopulations, that are predominantly 
clustered (e.g. having a small world topology), have an increased persistence when sites are 
protected using knowledge of dispersal topology.     
 
While using hydrodynamic models to inform the network structure can be instructive, the reality is 
that larval transfer between populations is only part of the recruitment process. Issues such as 
settlement mortality and interspecies competition are highly variable and difficult to assess directly. 
Chapter 5 utilises population genetics to discover the parental identity of successful recruits. Using 
the differences in microsatellites loci, population compositions can be compared and measures of 
similarity generated. We use this methodology and discovered that the genetic network structure of 
Seriatopora hystrix coral  has a small world topology.   
 
However the collection and processing of samples for population genetic purposes is limited by 
resources and therefore lacks the coverage of hydrodynamic models. Describing the biodiversity of 
the marine world requires information on the spatial assemblage of clusters. These clusters can be 
defined in terms of genetic similarity or functionally described by oceanography.  In chapter 6 we 
described a conceptual model that compared clusters between disparate networks since the genetic 
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data was sparse while the hydrodynamic models were comprehensive.  Using an evidence-based 
probabilistic framework, this model was able to estimate the likelihood of a particular genetic 
composition, for a population, from the conditional probabilities derived from a hydrodynamic 
model. This means the genetic information collected so far can be extended to coral reefs that have 
not been sampled and, importantly, the model highlighted the coral reefs that are a high priority for 
future sampling.  
 
This thesis utilises graph theory to explore the interconnected world of coral reefs. In particular the 

Great Barrier Reef was found to have a “small world” topology based on hydrodynamic modelling. 

We showed that the topology of the dispersal networks has implications for the persistence of the 

coral and fish metapopulations. We established that optimising the allocation of marine reserves to 

suit the topological configurations results in the maximum persistence of a metapopulation.  We 

recognised the limitations of hydrodynamic modelling to describe the recruitment process and 

incorporated population genetics as a measure of coral reef interconnectivity.  We discovered that, 

despite the limited coverage, the genetic network of the coral Seriatopora hystrix also had a small 

world topology. To help complete the description of the S. hystrix metapopulation structure we 

combined the genetic and hydrodynamic network information to create a conceptual model that 

described the cluster configuration. Overall this thesis highlights that the topological character of 

dispersal networks is highly influential on marine metapopulation dynamics and associated 

conservation planning. It develops some tools and ideas that help to describe, understand and 

potentially manage that complexity.  
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Chapter 1 Introduction 
 

“In our own seas the description of new kinds of animals and plants has been 

largely completed, and biologists are now concerned with such matters as the 

factors which control the fertility of the sea, the functioning of marine animals, 

or the causes of fish migrations and the mysterious fluctuations in the quantities 

of fish from year to year. Work of this nature frequently involves the invasion by 

chemistry and physics of the domain of natural history, but though the methods 

of research are becoming more complicated, the results- the explanations of 

things – are becoming much more interesting.” C.M. Yonge (1930 page viii)  

 

A fundamental tenet of the metapopulation concept is that the structure of the connections 

between discrete but interacting populations influences the persistence of a metapopulation (Frank 

& Wissel 1998; Hanski 1999; Kritzer & Sale 2004; Ovaskainen & Hanski 2001). In classical terms, 

established by Richard Levins (1969) and based on the work by Andrewartha and Birch (1954) and 

MacArthur and Wilson (1967),  local populations have a substantial risk of extinction. Therefore a 

species’ persistence is reliant on the migration of individuals across the metapopulation (Pulliam 

1988).  Within this classical paradigm, migration is limited by the patchy environment that species 

occupy (Gustafson & Gardner 1996). Thus the heterogeneity of the environment, combined with 

abiotic forces that may assist or hinder migration, will define the metapopulation character for a 

particular species (Arnaud 2003; Kindvall & Petersson 2000).  

However, despite the evolution of the classic metapopulation concept (Gustafson & Gardner 1996; 

Hanski 1994, 1998, 1999; Ovaskainen et al. 2002), the impact on population dynamics from the 

complex configuration of connections between local populations remains underdeveloped (Loehle 

2004). Modelling of the dynamics of interconnected populations is complex (Harding & McNamara 

2002) and commonly simplified by either assuming dispersal occurs by a diffusion process across a 

homogeneous matrix (Hanski 1994; Ovaskainen & Hanski 2001) or by arranging the simulated 

habitat patches in regular configurations such as lattices (e.g. Roy et al. 2008; Vuilleumier et al. 
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2007). These models disregard the empirical data on migration pathways showing that individuals 

modify their behaviour (Revilla et al. 2004) when dispersing across a variable and dynamic 

environment (for example: snails; Arnaud 2003; birds; Coulon et al. 2008; molluscs; Knights et al. 

2006; bats; Law & Lean 2000; fish; Leis et al. 2007; Swearer et al. 1999).  

Reducing the dispersal complexity within metapopulation models tends to limit the focus to the 

interaction of the closest neighbouring populations. Consequently traditional metapopulation 

models commonly  concentrate on local scale extinction-colonisation processes such as the Allee, 

rescue and anti-rescue effects (Drechsler 2009; Frank & Wissel 2002; Harding & McNamara 2002; 

Ovaskainen & Hanski 2001) rather than on metapopulation scale metrics1 such as population 

clusters, betweenness and centrality (Bode et al. 2008; Estrada & Bodein 2008).  Understanding 

large complex metapopulations requires the incorporation of short and long distance dispersal 

processes into the modelling framework (Cowen et al. 2002; Ovaskainen et al. 2002). 

Nowhere is this more apparent than the coral reef environment where strong water currents 

interact with intricate benthic structures dispersing larvae widely (James et al. 2002; Jones et al. 

2005; Treml et al. 2008).  Oceanic currents combined with tidal oscillations (James et al. 2002) can 

transport coral and fish larvae from the natal reef to distant reefs, noting that the majority of 

successful recruits settle close to the natal reef (Ayre & Dufty 1994; Ayre & Hughes 2000; Jones et al. 

2005; Underwood et al. 2007).  However, despite the infrequent and sporadic nature of long 

distance dispersal, the effect on metapopulation dynamics can be observed in the overlapping 

genetic compositions of marine populations (Ayre & Hughes 2000; Duda & Lessios 2009; Nuryanto & 

Kochzius 2009; Underwood et al. 2007; Underwood et al. 2009; van Oppen et al. 2008).   

                                                           
1
 Graph theory metrics are described in section 2.2 however to assist the reader the metrics are described 

briefly here. Clusters are the groups of nodes that are more densely connected than the surrounding 
neighbourhood. Betweenness is a measure of the role each node plays in creating the shortest minimum path 
from one node to all other nodes. Centrality is a measure of the distance from a node to all the other nodes 
and thus measures isolation at a network level.  
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Ecological modelling based on the dispersal of individuals in coral reef systems is particularly suited 

to the field of graph theory (Urban & Keitt 2001). Graph theory is a branch of mathematics that has a 

long history back to 1736 with the development of a graphical representation of the ‘seven bridges 

of Konigsberg’ mathematical problem  by Leonhard Euler (Harary 1969). Using the simplicity of 

nodes to represent entities (the land masses in Euler’s case) which are linked by edges is the 

foundation of graph theory. Despite the long heritage the first application of graph theory in ecology 

did not occur until Bunn et al. (2000) and Urban and Keitt (2001) modelled the migration of animals 

across the landscape.   Similarly the dispersal of larvae within marine metapopulations can be 

modelled using graphs (Treml et al. 2008) without the complexities of mapping the interactions in 

Euclidean space.  

Modelling the inter-reef connections for a single species in a graph format facilitates the evaluation 

of the topological characteristics of the entire metapopulation.  In this context ‘topology’ is the term 

describing structural characteristics of a network (Albert & Barabasi 2002) that remains despite 

being deformed. For example a lattice structure with a regular pattern of four connected vertices 

will retain a lattice topology despite being twisted or stretched. Topologies of dispersal networks 

and simulated networks (figure 1-1, table 1-1) can be compared (Butts & Carley 2005).  This 

comparison is informative since each topology type has a suite of characteristics that determine the 

‘functional’ nature of the network (Arenas et al. 2008; Bascompte & Stouffer 2009; Brooks et al. 

2008; Williams 2008).   
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Figure 1-1 Various topologies (described in Table 1-1) used to compare to real world networks 

 

One particular topology, termed ‘small world’ (figure 1-1), appears to be common in ecology 

(Gaedke 2008; Junker & Schreiber 2008; Proulx et al. 2005). This term was initially used to describe 

the observations by Stanley Milgram whereby the number of linkages between people across a 

global network are small (Milgram 1967). The definition of small world graphs remains loose but is 

based on each vertex being closely connected to the rest of the network due to the long distance 

connections between tightly connected clusters2 (Watts & Strogatz 1998).  In contrast a regular 

lattice structure increases the network diameter directly in proportion to the increase in vertices. 

Exploration of many disparate networks, that rely on vertices being closely connected in order to 

function, from across the computing (Comellas & Sampels 2002) , electronics (Ferrer et al. 2001), 

transport (Latora & Marchiori 2001; Tatem et al. 2006), social (Girvan & Newman 2002; Li et al. 

2007; Robbins & Alexander 2004), metabolic (Barabasi & Oltvai 2004; Jeong et al. 2000) and 

                                                           
2
 Unfortunately the fields of ecology and graph theory both share the use of the term ‘community’. In ecology 

the term refers to a diverse collection of interacting species while in graph theory the focus reflects the 
sociological heritage and describes the density of interactions within a population. Given the ecological basis 
for this chapter the term ‘cluster’ is used instead for the graph theory concept of community. 
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ecological (Bascompte & Jordano 2007; Bascompte et al. 2006; Gaedke 2008) fields has found the 

prevalence of these small world configurations (Schnettler 2009).  

This thesis combines metapopulation ecology, and graph theory to examine the ecology of the coral 

reef ecosystem (figure 1-2). We ask a number of questions that address the topology of the 

hydrodynamic and genetic networks, the impact of topology on the metapopulation persistence and 

the subsequent application in conservation planning.  

Table 1-1 Descriptions of the network topologies depicted in figure 1-1 

Topology type Description 

Complete This graph has every vertex connected to every other vertex (Harary 1969).  

Lattice  This pattern is represented by a lattice of 2 dimensions composed of a set of four vertices 

joined in a square (Harary 1969). 

Small World  This model is based on the initial creation of a lattice with the subsequent random rewiring 

of the edges based on a set probability. The resulting network has the ‘small world’ 

property of a short path length between any pairs of nodes, of the order of log N/log <k>, 

where N is the number of nodes in the system and <k> is the average degree (Watts & 

Strogatz 1998).  

Star This very simple graph has all the vertices connected to a central vertex and no other 

(Harary 1969). 

Tree   This model is based on a regular tree with 2 or more edges connecting the ‘child’ 

neighbours. The direction of the edges can be set to flow from child to parent vertices like 

a river network (Csardi & Nepusz 2006). Linear models can be also be generated if the 

number of child connections is limited to one. Critically in this model there are no loops. 

Geometric  

 

This graph establishes the neighbourhood connections for each vertex using a set radius 

(Csardi & Nepusz 2006). The initial placement of the vertices in space combined with the 

radius length determines the character of this network. Regular vertex placement and a 

small radius create a Lattice. Large radius values create a Complete network.  

Erdos-Renyi 

Random 

This early model of a complex graph used a set number of edges allocated randomly 

between the vertices (Erdos & Renyi 1959). 

Barabasi-

Albert Scale 

Free  

The famous Barabasi-Albert model is created by adding one vertex in each time step and 

then edges are created to link existing vertices with preferential attachment (Barabasi & 

Albert 1999; Barabasi et al. 1999). 
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Thesis Structure 

 

The thesis is based on five chapters that each address a primary question.  

 

What is the topology of the dispersing coral and fish larvae for the Great Barrier Reef? To address 

this question, in chapter two (Graph Theoretic topology of the Great but small Barrier Reef world), 

we utilised the output of the James Cook University Marine Modelling Unit hydrodynamic model 

that described the interaction of 321 coral reefs across a highly diverse section of the Great Barrier 

Reef (GBR) over a 32 year period (James et al. 2002).  Transferring the adjacency matrices, that 

described the level of interaction between a natal and settlement reef, to a graph structure and then 

examining a range of topological characters revealed a small world configuration (Kininmonth et al. 

2010a).  Identifying the topology of the GBR metapopulation dispersal is an important first step to 

more elegant models of metapopulation dynamics.  

 

 

Figure 1-2 The flow diagram of the chapters within this thesis. 
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What effect does the topology of dispersal networks have on the persistence of a species? 

Calculating the persistence of a species using metapopulation dynamics requires detailed 

descriptions of the migration between discrete populations. However incorporating complex two 

dimensional dispersal networks, as observed in large coral reef systems, into models of 

metapopulation dynamics is difficult and highly complex (Harding & McNamara 2002).  The 

approach by Drechsler (2009), derived from the work of Frank and Wissel (2002), adopted a 

macroscopic approach to the modelling of the persistence for a metapopulation. Drechsler’s  (2009) 

approach was still based on simple uniform dispersal models that failed to account for 

environmental forces acting on the transport of larvae or that the dispersing individuals may be able 

move in ways that are not radiating (Paris et al. 2007).  To remove this limiting assumption the third 

chapter (Metapopulation mean life time within complex networks) describes how  Drechsler’s  

(2009) model is modified so the metapopulation persistence or Mean Life Time (MLT) can be 

calculated within a graph theoretic framework.  

How can persistence of a single species metapopulation be optimised using a network of marine 

reserves? Conservation planning of coral reef ecosystems has developed a mature and sophisticated 

array of modelling tools (Ball 2000; Watts et al. 2009) which in recent times has included 

connectivity measures (Almany et al. 2009; Game et al. 2008a; Kaplan et al. 2009; Kraus et al. 2008; 

Kritzer & Sale 2006; Mora et al. 2006; Mumby 2006; Steneck et al. 2009).  For example, the software 

Marxan with Zones (Watts et al. 2009) enables the specification of boundary length modifiers to 

describe the dependency relationship between two planning units. This approach does not attempt 

to describe the secondary effects on local population persistence given the changes in the reserve 

status of neighbouring sites. To address the question of  reserve prioritisation in a connected system 

the forth chapter (Dispersal connectivity and reserve selection for marine conservation) 

implemented the MLT formulae of Kininmonth et al. (2010b) across large complex networks 

consisting of populations connected in a variety of topological configurations. Reserves were created 
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by modifying the extinction-area exponents for each population.  This framework aids in the 

understanding of ecological network structure and how conservation measures can be applied for 

biodiversity management (Bascompte & Stouffer 2009). 

What is the topology of the Seriatopora hystrix metapopulation based on genetic similarity 

measures? Determination of the underlying population structure of a species is particularly difficult 

given the  high diversity of marine systems at the sub-reef scale (Arias-Gonzalez et al. 2006; Zieger et 

al. 2008) and the global scale (Veron et al. 2009). Understanding the metapopulation processes is 

commonly based on sophisticated hydrodynamic models (Mumby 1999). While the hydrodynamic 

models have become more sophisticated in recent years (Legrand et al. 2006; Luick et al. 2007) the 

simulations of larval movements are limited in scale, sensitivity testing and behavioural responses 

(Baums et al. 2006). Critically, the interest in population connectivity is not limited to just the 

transport of larvae but also includes settlement success and juvenile mortality (Mumby 1999). 

Population genetics offers a potential mechanism to describe the exchange of individuals across a 

metapopulation (Holderegger & Wagner 2006; Kritzer & Sale 2004; van Oppen et al. 2008). The fifth 

chapter (The small genetic world of Seriatopora hystrix) describes the topology of genetic similarity 

networks based on the composition of microsatellite markers for the coral S.hystix.  

How can the clustering structure of S.hystrix be determined from the combination of hydrodynamic 

and genetic networks? Determining what is in or out of a cluster is not a trivial exercise (Fortunato 

2010). Various heuristically based algorithms seek to define the clusters in a wide variety of ways. 

Random walks, spin glass models to eigenvector algorithms are just some methods available and 

each resulting in a different cluster composition (Newman 2006a; Palla et al. 2005; Porter et al. 

2009; Reichardt & Bornholdt 2006).  Newman (2006b) promoted an objective function (termed 

modularity) to evaluate the algorithms and optimise the cluster divisions. The adaption of these 

algorithms to directional weighted graphs most commonly found in ecology has only been recently 

described (Kim et al. 2010; Leicht & Newman 2008) and is still the focus on research effort in the 
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field of statistical mechanics (Reichardt & Bornholdt 2006). The sixth chapter (Determining the 

community structure of the coral Seriatopora hystrix from hydrodynamic and genetic networks) 

offers a conceptual model to utilise the comprehensive coverage of the hydrodynamics to inform 

the cluster structure based on the genetics.   

I conclude the thesis in chapter seven by discussing the key findings from chapters two to six. In 

particular I highlight the central conclusions from each chapter and discuss their limitations. I also 

outline the potential directions for future work in this field. 
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Chapter 2  Graph theoretic topology of the Great but small Barrier 

Reef  world 
 

Kininmonth S, De'ath G, Possingham HP (2010a) Graph theoretic topology of the Great but 
small Barrier Reef world. Theoretical Ecology, 3: 2, 75 

 

Abstract 
 

The transport of larvae between coral reefs is critical to the functioning of Australia’s Great Barrier 

Reef (GBR) because it determines recruitment rates and genetic exchange. One way of modelling the 

transport of larvae from one reef to another uses information about currents. However the 

connectivity relationships of the entire system have not been fully examined. Graph theory provides 

a framework for the representation and analysis of connections via larval transport. In the past, the 

geometric arrangement (topology) of biological systems, such as food webs and neural networks, 

has revealed a common set of characteristics known as the 'small world' property. We use graph 

theory to examine and describe the topology and connectivity of a species living in 321 reefs in the 

central section of the GBR over 32 years. This section of the GBR can be described by a directional 

weighted graph and we discovered that it exhibits scale-free small-world characteristics. The 

conclusion that the GBR is a small-world network for biological organisms is robust to variation in 

both the life history of the species modelled and yearly variation in hydrodynamics.  The GBR is the 

first reported mesoscale biological small-world network.  

2.1 Introduction 
 

The transport of larvae between coral reefs is critical to their function because it determines 

recruitment rates and genetic exchange (van Oppen & Gates 2006; Veron 2002). Dispersal processes 

for marine organisms are diverse (Mora et al. 2003; Ninio & Meekan 2002) but two main types can 

be identified: the brooders and broadcasters. Each of these strategies affects the fraction of larvae 



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

11 
 

from one reef that arrives at another. For broadcasters in particular, the pre-competent larvae will 

drift in a relatively passive manner with the currents (Ayre & Hughes 2000). Strong currents can 

transport larvae over long distances for several weeks while they remain pre-competent  (Ayre & 

Hughes 2000). Both local and distant populations can be linked by this transport of larvae. 

 

The processes that shape the diversity of Australia’s Great Barrier Reef (GBR) are complex and 

dependent on a range of biophysical factors (Brinkman et al. 2001; Harriott & Banks 2002; Hughes et 

al. 1999; Sale 1999; van Woesik 2000) including water currents that transport larvae and warm 

water (Mora et al. 2003). The oceanic flow, called the Eastern Australian Current (EAC), interacts 

with the tidal cycles and wind conditions to provide transport mechanisms (Brinkman et al. 2001; 

James et al. 2002) for the exchange of larvae between reefs throughout the central and southern 

GBR (Ayre & Hughes 2000; Harriott & Banks 2002). While there is general acceptance of the 

importance of these processes, their implications for the function and management of the GBR has 

not been comprehensively researched. 

While many studies describe the transport of larvae from one reef to another (James et al. 2002; 

Nishikawa & Sakai 2005; Siegel et al. 2003; Swearer et al. 1999), the effect on the entire system has 

not been fully examined (Mumby 1999). Over an extended period, larval transport linkages create a 

recruitment network, the structure of which determines the nature of interactions between distant 

reefs. Matrices describing a single recruitment event have been calculated (Bode et al. 2006a; James 

et al. 2002). One way of assessing the role each reef has within the entire network is to use graph 

theory (Franc 2004; Proulx et al. 2005).  

Graph theory models of disparate systems, like the World Wide Web, metabolic pathways, the 

neural network of a worm, electronic circuit design and the professional relationships of film actors, 

have found networks that are highly clustered and well-connected (Ferrer et al. 2001; Hayes 2000; 



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

12 
 

Wagner & Fell 2001). Biological systems, from metabolic pathways (Jeong et al. 2000) to lake trophic 

structures (Montoya & Sole 2002) and the neural networks of a worm, all show a relatively new 

pattern called a ‘small world’ (Watts & Strogatz 1998). This pattern is named after the universal 

exclamation of ‘what a small world!’ when strangers appear to be closely associated by mutual 

connections (Watts & Strogatz 1998). First described in sociometry research (Milgram 1967; Travers 

& Milgram 1969), small worlds describe how community formation can facilitate the effective 

interaction of distant individuals across an entire population where there are only interactions 

between small groups of neighbours (Radicchi et al. 2004).  

Graph theory has been applied to ecological research previously but with a focus on measuring 

simple landscape indices such as dispersal pathway length (Bunn et al. 2000; Urban & Keitt 2001; van 

Langevelde et al. 1998). These landscape connectivity graphs that record the movement of wildlife 

are relatively simple due to the difficulty in recording the movements of individual animals. While 

these graphs form a foundation for the use of graph theory in ecology, they lack the size and 

intricate structure for complex network analysis, especially when compared with the forest songbird 

habitat network of Minor & Urban(2008).   

In this study we use graph theory to examine and describe the network topology of species 

inhabiting 321 reefs in the central section of the GBR (figure 2-1) based on 32 years of connectivity 

matrices generated by James et al (2002). In particular we ask three questions: (1) Is the GBR a scale-

free small-world network for marine organisms? (2) Do variations in the dispersal model parameters 

(duration of the pre-competent period, the size of the settlement zone, predation and when larvae 

are released) influence the pattern? (3) How influential is the connection strength on the network 

metrics?  
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Figure 2-1 . Graph of 1998 connectivity with hydrodynamic parameters of release by new moon, 1km 

pick up zone, 1 week pre-competent period, 3 week competent period and no predation. The edges 

displayed are only those with weight greater than 0.02. 
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2.2 Graph theory, small worlds and scale free distributions 

 

Graph theory is a branch of mathematics that describes the statistical nature of simple (Gross & 

Yellen 1999; Harary 1969) and complex (Dorogovtsev & Mendes 2002; Proulx et al. 2005; Steuer & 

Lopez 2008) static networks. A graph ( , )G V E  can be defined as a finite set of vertices ,V  

connected by edges E (figure 2-2). Geometric theorems of the properties of simple graphs 

dominated the use of graph theory until the advent of fast computers. Large graphs were modelled 

as randomly assembled graphs or as regular lattices (Albert & Barabasi 2002).   

 

Figure 2-2 . A simple graph containing 5 vertices and 7 edges. Four of the vertices have a degree of 3, 

one has a degree of 2. 

 

The degree (
ik ) of a vertex i defines the number of connecting edges and hence the number of 

neighbouring vertices (figure 2-3). All vertices in a regular lattice share a common degree, <k>, and 

this configuration (often displayed as a grid of equally sized cells) is commonly used as the basis for 

neighbourhood interaction models (Bjornstad et al. 1999; Vuilleumier & Metzger 2006). In a random 

graph the degree of all the vertices has a Poisson distribution and is characterised by a modal hump 

at the mean degree (Proulx et al. 2005).  The average degree for all the vertices in a graph is denoted 

as <k>. 
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Figure 2-3.  Neighbourhood triangle (dashed lines) forms the basis of the clustering coefficient. 

Average minimum path length highlights the number of steps (labelled) to reach the target vertex. 

 

The clustering coefficient, as defined by Montoya and Sole (2002), is the sum of the number of 

triangular linkages 
1( ,..., )i ni V V  within the set of neighbours (figure 2-3) for a selected vertex

 

divided by the maximum possible neighbour linkages where n is the number of vertices in the 

network. For a unidirectional network there are potentially ( 1) / 2k k   triangular linkages. The 

clustering coefficient is thus defined as: 

1

2
/( ( 1))

n

i i i
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CI k k
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  .     (2-1)  

 

The graphs modelling the GBR are directional weighted graphs. For a directional network there are 

potentially twice as many, ( 1),k k   triangular linkages and so the clustering coefficient is redefined 

from Equation 2-1 as: 
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The average minimum path length L  is the average number of edges in the shortest path ( , )MinL i j  

between all pairs ( , )V i j  in a graph averaged over ( 1) / 2n n  vertices (Montoya & Sole 2002)   

    
1 1

2
( , )

( 1)

n n

Min

i j

L L i j
n n  



   .    (2-3) 

 

Calculation of the average minimum path length encompassed the directional structure of the 

network by forcing the path tracing routine to travel in the direction of lines. The assumption in 

Equation 2-3 that 
, ,i j j iL L  is relaxed in an asymmetric graph and thus the summation of path 

lengths is averaged over possible between-vertex connections, ( 1)n n  : 

    
1 1
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n n

Min

i j

L L i j
n n  



  .     (2-4) 

As a consequence of measuring the paths through the network, three more metrics can be usefully 

derived: diameter, closeness and betweenness (Freeman 1978).  The diameter, D, is the longest 

minimum path length that exists between any vertices in a network. The closeness centrality 

measure, CCi, is the sum of the minimum path lengths connecting a vertex i to all other vertices j 

1( , ,..., )ni j V V . The betweenness centrality measure, BCk , is the proportion of minimum paths 

connecting vertices i and j that pass through vertex k 
1( , , ,..., )ni j k V V . The centrality measures 

relate to the isolation (low CC), contagion (high CC) and ‘stepping stone’ (high BC) landscape ecology 

concepts (Gustafson 1998).  

 

Graphs that have a high level of clustering and short path lengths compared with random or regular 

lattices are known as ‘small world’ graphs (Watts & Strogatz 1998). However, there is no explicit 

definition of the properties of small-world graphs (Schnettler 2009). Small-world topology increases 
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the connectivity of vertices, effectively making it smaller, in terms of interactions, than a random or 

regular one. Clusters connected by longer links enable any point in the network to be located a small 

number of steps from any other point and this forms the basis of Stanley Milgram’s 6 degrees of 

separation for the network describing human social interactions (Barabasi 2002). 

 

An additional characteristic of some small-world networks in the real world is that the number of 

vertices with k connections can be described by a power-law P(k)~k
-y  where y is a constant (Barabasi 

et al. 2000). This property, referred to as a scale-free degree distribution, defines a graph where the 

majority of vertices are weakly connected and a small, but significant, number are very strongly 

connected (Albert et al. 2000). In contrast in a random graph, the number of vertices, n, with degree, 

k, shows a Poisson distribution where few, if any, vertices are very strongly connected. However Li et 

al. (2005) presents a convincing argument that the power law used in many publications does not 

represent a scale free network consistently and instead they suggest the use of the size-rank 

measure: ( ) kR k cY   where R(k) is the rank of the degree yk subject to yk being from a finite 

sequence such that 
1 2 .... ny y y    and c is a fixed constant and is a scaling index.  

 

While the number of connections reveals many of the topological structures, the strength of each 

connection can be used to describe the exchanges between the vertices.  In the case where the 

strength of connection between two vertices is known, the value of the edge weight, wij, describes 

the intensity of interaction occurring between vertex i to vertex j.  The inbound and outgoing 

strength indices for vertex i are defined (Barrat et al. 2004; Newman 2004) as: 
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where v(i) is the set of neighbours of vertex i ,
jiE is the set of edges having the inbound direction to 

vertex i and 
ijE is the complementary set of edges having an outbound origin from vertex i.  The 

average inbound and outbound strengths for the entire graph are: 

1

1 n
in IN

i

i

S s
n 

   and 
1

1 n
out OUT

i

i

S s
n 

     .   (2-6) 

Empirical studies of complex networks show them to be sparsely connected, tightly clustered and 

with a relatively small diameter (Hayes 2000) which can be described by the respective indices of 

degree distribution, cluster coefficient and average minimum path length (Montoya & Sole 2002).  

Having explained the necessary graph theory we now describe the methodology used to create and 

analyse a large larval transport network for a section of the GBR.  

 

2.3 Methods 

 

In this section we will outline how the larval transport network in the marine environment was 

constructed and analysed. For many marine organisms the mechanism of dispersal is limited to the 

broadcasting of relatively passive larvae into highly dynamic water bodies (Barber et al. 2000; Shanks 

et al. 2003). Due to the difficulties in measuring the larval passages, connectivity research is heavily 

reliant on hydrodynamic simulations. Our study used connectivity matrices generated by James et al 

(2002) that simulate the release of larvae from 321 reefs into a Lagrangian hydrodynamic model of 

the Cairns section of the GBR (figure 2-1). These matrices estimate the number of simulated fish 

larvae that manage to survive from the spawning reef to the settlement reef. The spawning reef can 

also be the settlement reef (self-seeding) but these results are not used in the graph structure since 

the primary aim is to examine inter-reef connections. The strength of the pair-wise connections is a 

function of the size and shape of the donor and recipient reefs since we assume larvae are spawned 
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with uniform density along the reef edge.  Allowing for variation of factors, such as mortality rates, 

release timing, distance of attachment, pre-competent and competent periods, the larvae are 

moved around in two dimensional space according to currents that are driven by wind and tidal 

forces. The simulations extend over the period from 1967 to 1998 (Bode et al. 2006a) and focus only 

on the summer months when dispersal is concentrated (James et al. 2002). We consider the model 

to represent all larvae that have the dispersal properties with the parameters used in the James et al 

(2002) model and hence this can also include coral larvae. Due to lengthy processing time required 

to run the hydrodynamic model, the capacity to conduct sensitivity tests on these dispersal 

parameters is limited. 

We transformed the James et al (2002) connectivity matrices into graphs using tools created in both 

R statistics (especially utilising packages ‘igraph’ (Csardi & Nepusz 2006) and ‘sna’ (Butts 2007)) and 

within an ArcGIS 9.3 (Environmental Systems Research Institute, Redlands, USA) environment. 

Where the strength of connection is greater than zero, a line is constructed between points 

representing reefs. The line has the attributes of connection strength, distance and direction of flow. 

The reef centroids have the spatial attributes of area, perimeter and location.  

We addressed the initial questions in the following manner. 

1. Is the GBR a scale-free small-world network? The values of average minimum path length (L), 

average degree ( <k>), connection strength (S), diameter (D), Edge number (E) and cluster index (CI ) 

were analysed for the years 1967 to 1998 and compared with other networks of various topologies.  

The networks from 1967 to 1998 were randomly rewired by 0.25 and 0.5 probability while 

preserving the degree distribution and compared. The constructed networks, used for comparison 

and described in Table 2-1, contained the same number of vertices and, where possible, the same 

average degree.  To examine the role of individual reefs in maintaining high larval flow through the 

network over time, the closeness and betweenness centrality metrics were used. 
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Table 2-1. Alternative networks for comparison.  

Model Name Description Source 

Watts-Strogatz 

network 

Firstly a regular lattice is created then 

the edges are rewired uniformly with a 

specified probability 

(Watts & Strogatz 1998) 

Forest Fire network This network model resembles how a 

forest fire spreads by igniting trees close 

by.  Vertices are added sequentially and 

edges are created with respect to the 

neighbouring configuration. 

(Leskovec et al. 2007) 

Barabasi-Albert 

network 

In this model one vertex is added in each 

time step and edges are then created to 

link existing vertices based on 

preferential attachment, P(k)~k
-y. 

(Barabasi & Albert 1999) 

Erdos-Renyi network This simple network creates the 

complete set of vertices and then adds 

edges chosen uniformly randomly from 

the set of all possible edges. 

(Erdos & Renyi 1959) 

Tree network This model is based on a regular tree 

with 2 edges connecting the ‘child’ 

neighbours. 

(Csardi & Nepusz 2006) 

2D lattice A lattice of 2 dimensions is composed of 

a set of four vertices joined in a square 

which is then replicated for the specified 

size of the network. 

(Csardi & Nepusz 2006) 

Star graph In this simple network every single 

vertex is connected to the centre vertex 

only. 

(Csardi & Nepusz 2006) 

2. How robust is our small-world emergent property to the life history characteristic of species? The 

release timing, distance of attachment, pre-competent and competent periods are altered using the 

hydrodynamics of 1998 to examine the changes in average minimum path length (L), connection 

strength (S) and Cluster index (CI).  
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3. How influential is the connection strength on the graph topology? Using the 1998 graph we 

removed the connections in 15 equal steps based on 3 different strategies; strongest links removed 

first, weakest links removed first and randomly selected links removed. We considered the impact 

on: average minimum path length (L); edge number (E); and Cluster index (CI ). We also compare the 

Euclidian distance and the weight derived from the hydrodynamic model for each edge.  

2.3 Results 

Is the GBR a small-world network?  The average minimum path lengths, L, (figure 2-4 ), for the GBR 

from 1967 to 1998 (with parameters of day release, 1 km pickup zone, 1 week pre-competence, 3 

weeks competent and no predation (James et al. 2002)), are in the range 2.2 to 3.9 links, and the 

average cluster coefficient, CI, is in the range of 0.26 to 0.31. The average degree <k> ranges from 

128 to 67 ( 105.93, 14.04kk    ) while the edge count E ranges from 20554 to 10860 (

16950.2, 2247.2EE   ). The rewired (0.25 and 0.5 probability) versions of the 1967-1998 

networks exhibit, in figure 2-4, a consistently smaller cluster coefficient and average minimum path 

length implying that the  small-world topology  of the 1967-1998 networks  are not  random 

occurrences.   These GBR hydrodynamic networks are comparable to the constructed small-world 

networks (Table 2-1) of Watts and Strogatz (1998) and the Forest Fire Network (Leskovec et al. 2007) 

and more clustered than the classic Barabasi-Albert (Barabasi & Albert 1999) and Erdos-Renyi (Erdos 

& Renyi 1959) networks (figure 2-5). 
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Figure 2-4. The graph shows the graph theory indices for the Cairns section of the GBR for the years 

1967 to 1998 assuming the hydrodynamic model parameters of new moon release, 1 km sensory 

settlement zone, 1 week pre-competence, 3 weeks competent and no predation. Metrics used are 

edge number (E), average degree (<k>), average minimum path length (L), and average cluster 

coefficient (CI). Each network was also rewired with a probability of 0.25 and 0.5 and shown by red 

and blue lines respectively. From 1967 to 1998 the graphs consistently show small-world topologies. 

 

 The 1998 network was rewired randomly (0.5 probability) while preserving the original graph's 

degree distribution and this had the effect of reducing the clustering coefficient (0.30 to 0.26). The 

average minimum path length decreased from 3.64 to 2.05 (figure 2-5).   Other models included in 

figure 2-5 were the Tree model, 2D lattice (or planar graph) and Star graph (every single vertex is 

connected to the centre vertex only). The centrality measures showed a large diameter network (

8.68, 2.45,5 14DD D    ) with an exponential distribution of the betweenness measure (
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17300, 25176,45.26 178125BCBC BC    ) which highlighted that a small number of reefs 

were acting as ‘stepping stones’. The closeness measure (

16.99, 1.90,11.32 21.61CCCC CC    ) showed a normal distribution that describes that 

some reefs are isolated while others are strongly connected. For each measure of high CC, low CC 

and high BC the reefs with highest rank were identified and examined through the 32 years (figure 2-

6). The plots show that these reefs were consistent for the respective centrality measure through 

time.  

 

Figure 2-5 Comparison with alternative models for the key small-world metrics of average minimum 

path length (L) and cluster coefficient (CI). The lower right area of the graph is considered to 

demonstrate small-world properties. The alternative models are described in Table 2-1. 

 

The degree distribution was not found to be scale-free (based on both degree frequency and size-

rank metrics) for all years (figure 2-8). This lack of scale free degree distribution is similar to other 

biological networks such as the C.elegans neural network and the polymer chain model reported by 

Amaral, et al. (2000).  
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Figure 2-6  Boxplots of the centrality metrics for the highest ranking reefs compared with all the 

reefs, highlighting the individual reef consistency through the 32 years of model runs. The closeness 

centrality (a) shows the 5 reefs with highest and lowest values indicating the contagion and isolated 

reefs. The betweenness centrality (b) shows the top 10 reefs indicating the ‘stepping stone’ or cut 

node reefs. 

 

Is the GBR a small-world network for the larval dispersal characteristics of different species? Varying 

the larval dispersal parameters showed that the average minimum path lengths, L, for the GBR from 

the 1998 network are in the range 2.69 to 4.31 links and the cluster coefficient, CI, is in the range of 

0.21 to 0.34 (figure 2-7 ).  
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Figure 2-7 A comparison of changes in the small-world metrics of average minimum path length (L) 

and cluster coefficient (CI) for reefs connected by different assumptions about hydrodynamics and 

species ecology. The various 1998 networks are grouped according to day release on high tide/day 

release on dusk with new moon and labelled with sensory settlement zone of 1 or 4 kilometres 

(1kmSettle,4kmSettle),  precompetent period of 1 or 2 weeks (1wkPre,2wkPre) and competent 

period of 3 or 2 weeks (3wkCom,2wkCom).  

 

These ranges are comparable to the small-world networks shown in figure 2-5. The life history 

characteristics influenced the topology. Larvae released at dusk within three days of the new moon 

created networks with less clustering compared with those networks with larvae released daily 

during the high tide.  Other life history characteristics did not influence the network consistently to 

the same extent however the average minimum path length was reduced when the competent 

period was shortened from 3 to 2 weeks. One particular configuration consisting of new moon 

release, 1 km pickup zone, 2 weeks pre-competence, 3 weeks competent and no predation 

produced a network with minimal average path length  of L=2.69. This small network with a 
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diameter of 9 became the largest network (diameter = 15, L=4.31) with a simple change in the 

competency period to 2 weeks. Altering the predation intensity did not change the small-world 

properties but did alter the inbound and outbound average connection strength, S, substantially 

from 0.64 to 0.03. 

Despite the large range in the number of edges, from 4053 to 25319 (mean=12222, 5884.23E  ), 

the average minimum path lengths and the cluster coefficient showed a narrow distribution 

(2.69<L<4.31, 0.37L  , 0.21<CI<0.34, 0.041CI  ) across the parameter range. Hence we 

conclude that the GBR larval dispersal network, as modelled by James et al. (2002), is a small-world 

network for most species. 

Our third question asks how influential is the strength of the connections on the graph topology. 

First let us consider the distribution of outbound and inbound strength values. The inbound 

connection weights for the 1994 graph shows a scale-free distribution (figure 2-8) which highlights 

the sensitivity of the graph to changes in strength thresholds.  
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Figure 2-8 Size-Rank distributions of connection strength, s (eq. 2-5), and degree <k> for the 1994 

graph, (a) inbound and (b) outbound showing the scale free nature of the inbound strength 

distribution. The range of degree distributions for 1967 to 1998 are shown by  (c) 1996 and (d) 1967 

examples show the GBR network is not scale free. 

 

The inbound strength distribution (figure 2-8a) can be described as ( ) kR k cY   where Yk = sk and 

1.38   for the 1994 graph. The distribution of the strength values ( ,IN OUT

i is s ) shows that a 

significant number of reefs have a high inbound strength, indicating that these reefs were acting as 

strong sinks of larvae. The inbound distribution pattern did vary between the years but the majority 

were described as scale free. We acknowledge that the size of a reef in the James et al (2002) model 

will partially determine the larval numbers released and so influence the source capacity of each 



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

28 
 

reef.  As a consequence the outbound strength distribution across all years did not exhibit scale free 

trends and were similar to the 1994 network shown in figure 2-8b.  

Edges (connections) in the 1998 graph were removed based on a changing weight threshold using 

three different strategies (strongest, weakest and randomly removed) and the edge number, 

average minimum path length (L), and cluster coefficient (CI) were recorded (figure 2-9).  The weight 

threshold was decreased from the maximum weight value, for the strongest removal first strategy, 

in 15 equal increments. Similarly for the weakest removal first strategy, the threshold was increased 

from the minimum weight value. The random removal strategy selected 1011 edges each step and 

deleted them. The strategy of removing the strongest edges first shows that until the 13th step, 

where the weight threshold was equal to 0.14, only 178 edges were removed, reflecting that the 

98% of edges had a weight less than 0.14 (min= 1.915e-06,  mean= 0.002, max =0.608).  This trend is 

also observed in the cluster coefficient (CI) and the average minimum path length (L) indicating that 

the small world character is robust for large reductions in the maximum weight values. The second 

strategy of removing the weakest edges initially shows a rapid reduction in edge number and 

subsequent changes in the small world properties. 
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Figure 2-9 Changes in the graph theory metrics, L, CI and E, for the reefs in 1998 when edges are 

removed based on a changing weight threshold. The three removal strategies are strongest edges 

removed first (red diamonds), weakest edges removed first (blue squares) and random removal of 

1011 edges per step (green triangles). Graph (a) shows the weight threshold used to select the edges 

for deletion; (b) shows the edges remaining after each step; (c) shows the changes in the average 

minimum path length (L)  while (d)  outlines the changes  in the cluster coefficient (CI).  

 

The cluster coefficient (CI) reduced rapidly to zero at step 6, highlighting that small reductions in the 

minimum edge weight elicit large changes on community structure. Weaker edges tend to be longer 
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(measured by Euclidean distance, figure 2-10) and consequently they act to bind the network 

together. Their removal leaves a fragmented network sparsely connected with strong edges that 

have short Euclidean lengths.  The average minimum path length was less affected and initially rose 

while edges with generally longer Euclidean lengths (figure 2-10) were removed. By step 6 the 

network had fractured into isolated communities with a diameter of one.  The random removal 

strategy shows only small changes in the average minimum path length (L) until finally the network 

consists of isolated pairs of connected reefs. The cluster coefficient (CI) did not change until 

approximately half the edges were removed (7078 edges remaining from 15167 total edges).   

 

Figure 2-10.  Smooth scatter plot of all 15167 edges for the 1998 graph showing their Euclidian 

distance and the weight derived from the hydrodynamic model. The strongly weighted edges tend to 

be shorter in Euclidean length compared to the more numerous weaker edges. 
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Next we consider how robust the small-world network property is given changes in the edge length.  

The longer edges were removed (444, 333, 222, 111, 55, 27 kilometres) but this did not alter the 

topology of the graph (figure 2-11) until all the links were less than 55 kilometres long.  

 

Figure 2-11. Changes in the 1998 graph for the indices of L, S (outbound), CI, <k> when the edges are 

incrementally removed based on their Euclidean length.  

 

At this distance the topology of the graph altered rapidly with the average degree, <k>, and strength 

index, S, decreasing. At 55 kilometres, the average minimum path length (L) increased as edges that 

connected widely separated network sections were removed from the network. However the 

average minimum path length (L) decreased as the maximum Euclidean length was reduced to 27 

kilometres. In this case only the smaller more consolidated network remained (V= 258) and 

subsequent edge length reduction resulted in fragmentation of the network. The cluster coefficient 

(CI), which measures the ratio of triangular linkages against the maximum possible, increased as the 

clusters joined by short lengths remained. The GBR remained a small-world network despite the 

removal of edges with lengths longer than 55 kilometres but disintegrated into isolated clusters 

when the lengths were limited to less than 27 kilometres. 
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2.4 Discussion 

 

The Great Barrier Reef exhibits small-world patterns in the years 1967 to 1998 across a range of 

larval dispersal properties using the connectivity matrices generated by James et al (2002). This is 

the first mesoscale ecological ‘small-world’ network reported and the properties of the network are 

similar to other published small-world networks of biological systems. The average minimum path 

length of approximately L=3 links with an average maximum diameter of D=9 links (mean arc length 

≈ 90 kilometres) distributed over 600 kilometres of reef matrix shows that the reefs are well-

connected relative to other sorts of graph. For example a random network connecting the 321 reefs 

with the same number of connections (D=7, L=2.23) would have links with a longer average 

Euclidean distance while a planar or nearest neighbour network where only the neighbouring reefs 

are connected (D=34, L=12) would have links with significantly shorter average Euclidean distances.  

The high value for the clustering index within the reef system indicates that a substantial proportion 

of inter-reef larvae settle on neighbouring local reefs with a smaller number travelling longer 

distances between clusters. This pattern is supported by the experimental evidence using particle 

dispersal around One Tree Island by Kingsford et al. (2002). This experiment highlighted that the 

majority of particles remained close to the donor reef despite the tidal influences, while a small 

number were swept away to more distant locations. The volume of larvae circulating in such a 

system need not be immense to strongly influence colonisation patterns (Andrefouet et al. 2002; 

Ayre & Hughes 2000; Mumby 2006; Treml et al. 2008). The role of each reef within the network, in 

terms of influencing larval flow, can be assessed using the centrality metrics. The results for the 

betweenness and closeness values (which is primarily a function of their geographic location, size 

and shape) shows that the reefs play a consistent role through time. Conservation measures should 

bias protection towards these consistently important reefs. 
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We found that the GBR remained a well connected small world when the life history properties of 

the species being modelled were varied substantially.  Despite altering the mortality rates, release 

timing, distance of attachment and pre-competent and competent periods, the changes in average 

minimum path length and cluster coefficient (figure 2-7) remained within the range of other 

published small worlds and those artificially generated (figure 2-5). This implies that the small-world 

structure is the most likely structure for marine species found in the GBR marine environment 

notwithstanding that this network model ignores other migration processes, such as adult 

movement, that are part of the complete life cycle of marine organisms.   

 

The GBR does not exhibit scale-free distributions of the number of connections, however the 

distribution of reefs with respect to the number of larvae settling or migrating to another reef 

(strength of inbound connection) can be described as scale-free (figure 2-8). The implications of this 

pattern are that the reefs in this system did not have a disproportionate number of connections, but 

that a substantial number of reefs were strongly connected. In contrast weighted networks, such as 

the world airline network and scientific authorship (Barrat et al. 2004), exhibited heavy tailed 

distributions for weight. The weight of a connection in these networks will be determined by the 

state of the adjoining nodes (i.e. reef health, airport weather) and so understanding the impact that 

the state will have on the network topology and function will be essential in understanding the 

dynamics of the system. 

 

Disturbances to the GBR in the form of cyclones, El Niño events and climate change are likely to 

impact on the way reefs are connected by larvae (Harriott & Banks 2002). The edge weight of the 

network, created by the hydrodynamic model, is determined by a range of complex interactions 
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between reef topography, population fecundity, water currents and neighbourhood configuration. 

Within ecological time frames, only the currents and fecundity are likely to be extensively disturbed 

(such as El Niño  events influencing the East Australian Current)  and this will impact on the 

connection strength.  The removal of weaker or stronger edges from the network (figure 2-9) reveals 

that the small world character is robust when the stronger edges are diminished but the removal of 

the weaker edges rapidly resulted in a fragmented sparsely connected network. The more numerous 

weaker edges act to bind the network across the GBR and this supports the hypothesis by Ayre and  

Hughes (2000) that infrequent and weak long distance dispersal is contributing to community 

structure across the GBR.  There are strong larval connections between reefs located in relatively 

close proximity (figure 2-10) and field studies highlight the high levels of similarity of neighbouring 

populations (van Oppen et al. 2008).  Random removal of dispersal edges does not alter the small 

world properties until only a small percentage of edges are remaining. These results imply that the 

GBR small world character is robust against random disturbance but any disturbance that results in a 

regional reduction in the capacity of the larvae to successfully migrate long distances will effectively 

and rapidly increase the GBR  network size (specifically the diameter). Recovery from large scale 

disturbances, through external recruitment, will then be diminished.    

 

When dispersal distances were limited to less than 27 kilometres the reef network broke into 

isolated clusters (figure 2-11), rather than a small-world pattern. Until field experiments resolve the 

issue of dispersal curves and self-seeding proportions for a wide range of fish and coral species 

(Jones et al. 1999) the small-world pattern will remain speculative. In particular, the accurate 

parameterisation of dispersing larvae behaviour is required for the proper use of the hydrodynamic 

model in predicting larval dispersal (Kingsford et al. 2002) and hence the network structure.  
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Numerous authors have expressed the need to include information about connectivity in planning 

for and managing coral reef systems (Garcia-Charton & Perez-Ruzafa 1999; Jones et al. 2005; Minor 

& Urban 2008; Mumby 2006). With some justification, cross shelf and latitudinal gradients dominate 

the ecological classification of the GBR (for example Fabricius & De'ath 2001).  These classifications 

do not attempt to include metapopulation processes, such as the dispersal of larvae, yet biodiversity 

protection instruments, such as the marine protected areas, rely on preserving these processes 

(Possingham et al. 2005). Graph theory provides the capability to identify how individual reefs are 

contributing to community structures. Prioritising reefs based on the functional role within a larval 

network could assist with the design of conservation reserves (Garcia-Charton & Perez-Ruzafa 1999). 

Maintaining the network as a strongly connected system across a diverse geographic space (inshore 

to outer shelf) rather than as a series of isolated communities will require the identification and 

protection of reefs essential to enhancing larval flow. This includes key isolated and highly 

connected reefs as well as ‘stepping stone’ reefs such as Low Island Reef (figure 2-6 ). 

 

If the GBR is a small-world network, how does this alter our perspective on the reef 

metapopulation? Is each reef functioning as an isolated community (i.e. Jones et al. 2005) with 

occasional larval exchange (i.e. Ayre & Hughes 2000)? Isolation occurs at different scales and the 

hierarchical nature of small worlds describes how clusters exist within clusters and indeed some 

networks maybe fractal in nature (Song et al. 2005). For example, the Palm Passage (figure 2-12) 

provides a barrier to larval transport and effectively isolates the southern cluster from larval 

recruitment (Bode et al. 2006a). This does not detract from the findings of Jones, et al (1999) that 

many larvae circulate then return to the reef of origin. Substantial evidence exists that planktonic 

larvae are found outside the local dispersal zone (Mora et al. 2003) and this could provide the 

mechanism to link populations in the GBR (Ayre & Hughes 2000). The contribution that each reef 

makes to GBR ecology needs to be evaluated in the context of the wider network. This network can 
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be simulated by a hydrological model, such as James et al (2002). Constraining the relationships 

between reefs to latitudinal and longitudinal descriptors will disregard the intergenerational 

connections that can serve to connect or, when absent, isolate populations (Barber et al. 2000; Bode 

et al. 2008).  

 

Figure 2-12. Map showing connecting edges, with weights greater than 0.10, for the reefs near 

Hinchinbrook Island (-18 S, 146.5 E). 
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Our conclusion that the GBR is a small-world system presents the largest known ecological network 

that exhibits high levels of connectivity combined with tight clustering. The implications for GBR 

conservation and scientific research are significant because understanding the metapopulation 

structure underpins our understanding of coral reef function. Exactly how this new understanding 

would explicitly change where we place no-take marine protected areas in any rezoning of the Great 

Barrier Reef is an important avenue for future research. 
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Chapter 3  Metapopulation mean life time within complex networks 
 

Kininmonth S, Drechsler M, Johst K, Possingham H (2010b) Metapopulation mean life time 
within complex networks. Marine Ecology Progress Series, 417: 139-149 

  

 

 Abstract 
 

Metapopulation dynamics depend on the exchange of individuals between populations across the 

landscape. The environment that the migrants must traverse is influenced by many forces, so the 

connections are often complicated pathways, which can be represented as a network. The structure 

of these networks will determine which populations will receive more migrants than other 

populations and this in turn affects the life time of the metapopulation. We present a modification 

of the Drechsler (2009) formulae for the Mean Life Time of a metapopulation based on network 

properties where the arrangement of the population connections is not limited to simple dispersal 

kernels. We provide a graph-theoretical framework for analysing the dispersal network and apply 

this model to the small-world network of the Great Barrier Reef as well as to conservation planning 

in general. 

3.1 Introduction 
 

Fundamental to the persistence of populations in a heterogeneous environment is the 

capacity to exchange individuals between locations and thus compensate local extinction 

through colonisation (Hanski 1998). The exchange process is particularly evident in marine 

ecosystems where coral larval dispersal events create extensive planktonic slicks (Oliver & 

Willis 1987). However this massive exchange of coral and, to a lesser extent, fish larvae from 

one population to another is complex in structure and highly variable through time (Graham 

et al. 2008; James et al. 2002; Jones et al. 2005; Underwood et al. 2007; van Oppen et al. 
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2008).   In contrast to simple dispersal kernels often used in metapopulation modelling, 

models that simulate dispersal of individuals as a network often demonstrate the local and 

regional complexity of metapopulation connectivity (Treml et al. 2008; Urban et al. 2009). 

Modelling metapopulations in such a complex environment remains a challenge, 

notwithstanding advances in the fields of hydrodynamics and metapopulation theory (Bode 

et al. 2008; Crowder et al. 2000). However, metapopulation models are necessary for 

evaluating and guiding conservation planning, especially in reserve system design and 

spatial prioritisation of complex sea-scapes (Crowder & Figueira 2006; Gerber et al. 2003; 

Kaplan 2006; Kritzer & Sale 2004; Moilanen et al. 2009; Nicholson & Possingham 2007).  

Metapopulation theory has been extensively developed since the early modelling of 

agricultural systems by Levins (1969). Early models with deterministic equations and fixed 

parameters have been slowly replaced by stochastic models with uncertain parameters 

(Hanski 1998; Ovaskainen et al. 2002; Wilcox & Possingham 2002), but these are based on a 

simple dispersal framework. Dispersal is generally modelled as a distance function that 

distributes propagules in a radiating manner from the boundaries enclosing the habitat. The 

fundamental assumption here is that dispersal functions in a static homogeneous matrix 

whose spatial configuration solely determines dispersal success. In marine ecosystems, the 

dynamic nature of the ocean, driven by tides, wind, upwelling and oceanic currents, imposes 

a significant influence on dispersal distances and directions, especially for passive larvae 

(Hughes et al. 1999; Kingsford et al. 2002).  

This marine metapopulation paradigm, despite an absence of recorded extinction events, 

takes a more modern approach as outlined by Sale, Hanski and Kritzer (2006). This 

approach, where the emphasis is on the dynamics of species in a patchy environment, is 
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applicable for species that have adults that remain restricted to isolated physical structures 

such as coral reefs and rocky shores. The recent global bleaching events (Wilkinson 2002) 

have highlighted the need to consider populations as potentially isolated from colonisation 

processes (Underwood et al. 2009). However metapopulation dynamics is not just a 

function of larval dispersal but includes demographic rates of survival, growth and 

reproduction (Crowder et al. 2000) specific to each habitat patch. In this paper we will refer 

to ‘patch’ as the discrete habitat utilised by a population.  Habitat quality will determine if 

the habitat patch acts as a ‘source’ or ‘sink’ (Pulliam 1988) for the local populations. Habitat 

quality is commonly heterogeneous at a regional scale and understanding the interplay 

between  larval supply and habitat quality is crucial for conservation planning (Lipcius et al. 

2008; Lipcius et al. 2001). 

Frank and Wissel (1998; 2002) modelled heterogeneous landscapes by explicitly including 

variation in both inter-patch distance and patch size. Drechsler (2009) adopted the Frank & 

Wissel (2002) metapopulation mean life time (MLT) model and developed an analytical 

formula for metapopulation viability which is based on  macroscopic habitat network 

properties ( the ratio of dispersal range and network geographic size, the ratio of range of 

environmental correlation and network geographic size, and the total number and 

(geometric mean) size of the patches). The aggregated framework provided by Drechsler 

(2009) is especially appropriate for application to graph theory.  However, the larval 

dispersion considered by Drechsler (2009) was based on the Euclidean distance dispersal, 

and was thus limited to situations where the matrix is homogeneous and organisms show 

no directed movement. Applying a dynamic dispersal model, such as the Lagrangian particle 

model by James et al. (2002), can enable more complex dispersal networks. The dispersal 
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model can be moved out of geometric space and be based within a graph theoretical 

framework (see 3.6 Supplement: Graph Theory).  

 
The network approach has been used for metapopulation modelling (Bascompte & Sole 

1996; Bode et al. 2008; Colizza et al. 2007; Franc 2004; Ovaskainen & Hanski 2001; 

Rozenfeld et al. 2008; Urban & Keitt 2001). While these use networks to describe the 

complex interactions, we found the simplicity of Drechsler’s (2009) equations the most 

adaptable to a graph theory approach. In particular, the macroscopic approach, using mean 

field methods based on patch scale dynamics, to evaluate the entire network was suitable 

for application to more  complex dispersal structures. 

The dispersal of coral and fish larvae throughout the Great Barrier Reef (GBR) in Australia 

can be represented as a complex network (Kininmonth et al. 2010a). The larval processes of 

spawning, drifting, swimming, and settling combined with predation in a Lagrangian particle 

model (James et al. 2002) capture some of the complex interactions between coral reefs 

that are many kilometres apart (Bode et al. 2006b).   The heterogeneous distribution of 

coral reef area, number of connections and the weight of connections can be included as 

integral components of the network.   

The recent examination of naturally forming networks (Steuer & Lopez 2008), from food 

webs (Montoya & Sole 2002) to metabolic pathways (Jeong et al. 2000) to the regional 

dispersal patterns of coral and fish (Kininmonth et al. 2010a) show a dominant pattern 

termed a ‘small world’ (Grossman 2000). This topological configuration applies to networks 

where the average path length increases slower than or equal to the logarithm of network 

size (Junker & Schreiber 2008). We use the term ‘vertices’ (= nodes) to describe the graph 

theoretical feature (see 3.6 Supplement: Graph Theory) used to represent an entire patch. 
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The small-world effect is that even with a large increase in network size, the distance from 

one vertex to any other remains small.  

Based on the equations from Drechsler (2009) we develop a framework showing how graph 

theory, in terms of dispersal network structure (Kininmonth et al. 2010a), can be integrated 

into metapopulation theory.  Using this framework, we explore how network topology 

influences mean life time (MLT)  of a metapopulation. Natural systems can interact using a 

wide array of topologies from random to lattice to small world (see table 3-1) and 

understanding how these arrangements affect metapopulation persistence is critical to 

conservation planning. We then apply the new model to the GBR larval dispersal network 

described by Kininmonth et al.  (2010a). 

3.2 Methods 

3.2.1 Integration of network topology into metapopulation theory 

 

The models of Drechsler (2009)  contain three basic rates characterising the dynamics of 

metapopulations: 

 

(1) extinction rate of local populations on patch i 

 

ik iA     (eq. 3-1)  

 

where Ai is patch area,  is a species-specific (k) coefficient relating to minimum patch size, 

and   is a scaling parameter describing the level of environmental variation in the local 



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

43 
 

population growth. A smaller value of   indicates more environmental variability and 

consequently a relatively larger extinction rate (Drechsler 2009 eq. 1). 

 

 

(2) colonisation strength  (Drechsler 2009, eq. 3)  of patch i describing its ability to 

colonise another patch  

 

( )

exp( )
( 1)

b
out i
i ij

j i

A
c d

N




 

 



   

(eq. 3-2)
 

 

which is given by the emigration rate 
b

i in A of a patch i where   and b  are 

species-specific constants, the number of patches N, the number of immigrants required 

for successful colonisation , the distances dij between patch i and j and the mean 

dispersal distance of a species (1/ ) .  

 

(3)  colonisability of patch i (Drechsler 2009, eq.4) describing its chance to be colonised 

by another patch  
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exp( )
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  (eq. 3-3)

 

   

with same parameters as in eq. 3-2.  
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These equations (eqs. 3-1, 3-2 & 3-3) are appropriate for application to graph theory. We 

displace the three basic rates ( , , )out in

ik i ic c  of this model by quantities from the graph 

theory model of dispersal.  

Consider a metapopulation consisting of discrete populations occupying N patches being 

described by a network ( , )G V E  with a finite set of vertices ,V  connected by edges E (for 

more on graph theory see Supplement 3.6).  Each vertex i has the attribute of area ( )iA  and 

each edge has an attribute of  weight ( )ijw  indicating the strength of connection between 

two populations ( , )i jV V  on vertex i and vertex j, respectively.  

 

The important point is that the weights ( )ijw  although describing the interaction 

(colonisation) between populations ( , )i jV V do not necessarily relate to area and distance of 

a patch. In the case of the James et al. (2002) study where the Lagrangian particle model 

informed the network edge weights (Kininmonth et al. 2010a) the area of the patch 

approximately corresponds to the boundary length and this forms the basis for the number 

of particles released from each patch. Other dispersal models may use the entire patch area 

for the release and settlement of simulated larval particles. Crucially the selected dispersal 

model only informs the weight of the connecting edges that link the non-dimensional 

vertices representing patches with area and quality values. Therefore, the two colonisation 

rates (eq. 3-2,3-3) have to be adapted to edge weights through summation of the inbound 

and outbound edge weights ( , )ji ijw w  respectively, for each vertex to measure the 

colonisation strength and colonisability,   
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( )

1out
out i
i ij

j v i

s
c w

  

  
     (eq. 3-4) 

 

 

( )

1in
in i
i ji

j v i

s
c w

  

       (eq. 3-5) 

 

where v(i) is the set of neighbours of vertex i, wji is the edge weight from j to i (inbound 

from point of view of vertex i) , wij is edge weight from i to j (outbound from point of view of 

vertex i) and si is the strength metric (see Supplement eq. 3-A1). For better understanding of 

the basic idea of equations 3-4, and 3-5, figure 3-1 demonstrates how the si can be 

calculated for a simple network of 3 vertices.  

 
Figure 3-1. The  determination of the sum of weights (s) for a graph of 3 vertices. 

 

The colonisation strength and colonisability of a patch, respectively, multiplied by the 

expected local population lifetime (1 / )v  of population j (Drechsler 2009, eq.6 & 7)  are 

then  
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(eq.3-6)  
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          (eq.3-7).  

 

The harmonic mean Ui  of equations 3-6 & 3-7  (Drechsler 2009, eq.8 )   then enters the 

aggregated colonisation-extinction ratio for the entire network (Drechsler 2009, eq.9 ) 

 
1/

1

N
N

i

i

q U



      

(eq.3-8). 

Together with the geometric mean of the local extinction rates,  
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(eq. 3-9) 

the mean life time of the metapopulation (MLT) for the specified network configuration can 

be calculated by (Drechsler 2009, eq.11) 

1
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N N
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       (eq. 3-10). 

 

The decisive equations for the consideration of different topologies are equations 3-4 and 3-

5, which relate metapopulation colonisation rates to quantities of the graph. Given these 

rates, the other equations follow the recipe of Drechsler (2009) to calculate MLT. 
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3.2.2 Model simulations  

We firstly ask for a dispersing larval pool of a set size, what effect does topology have on the 

MLT of the population? Secondly, what effect does the size of the metapopulation in 

relation to topology have on the MLT? Thirdly, how variable is the MLT given the 

distributions of edge weight and patch area that occur in the Great Barrier Reef?  

We address the first question by examining the values of MLT for the configurations of 

Erdos-Renyi random, tree, lattice, Barabasi-Albert, forest fire, geometric (small and large 

radius), complete and small world (table 3-1, figure 3-2).  

 

 

Figure 3-2. Graph plots (size of 50 vertices) of the alternative topologies from table 3-1. 
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Table 3-1. Alternative graphs for comparison (see figure 3-1).  

Model Name Description 

Erdos-Renyi Random 

graph 

New vertices are added to the graph and 4 times the vertex number 

of new edges  are created connecting uniformly randomly chosen 

vertices (Erdos & Renyi 1959). 

Complete graph This simple graph has every vertex connected to every other node 

(Harary 1969). 

Forest Fire graph This graph model resembles how a forest fire spreads by igniting trees 

close by.  Vertices are added sequentially and edges are created with 

respect to the neighbouring configuration (Leskovec et al. 2007). 

Barabasi-Albert Scale 

free graph 

In this model one vertex is added in each time step and edges are 

then created to link existing vertices with a scale free probability, 

( )P k k  (Barabasi & Albert 1999). 

Tree graph This model is based on a regular tree with 2 edges connecting the 

‘child’ neighbours (Csardi & Nepusz 2006). The edges created are 

undirected. 

Lattice graph A lattice of 2 dimensions is composed of a set of four vertices joined 

in a square which is then replicated for the specified size of the graph 

(Csardi & Nepusz 2006). 

Geometric graph 

(Small and Large) 

First a number of points are dropped on to a unit square, then two 

points will be connected with an undirected edge if they are closer to 

each other in Euclidean norm than a given radius (Csardi & Nepusz 

2006). The small and large Geometric graphs used 0.24 and 0.40 

radius values. 

GBR small world This graph is derived from a Lagrangian particle model within a wind 

and tide forced hydrodynamic model. The graph was constructed 

from the adjacency matrices (Kininmonth et al. 2010a). 

 

One key parameter in the model is   which describes the level of environmental 

stochasticity influencing the local extinction risk for a given patch area.  Another key 

parameter is edge weight (wij &  wji) which describes the strength of interaction (i.e. the 
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number of dispersing individuals) between  patch (Vi) and its neighbour (Vj). Therefore, we 

study the impact of topography while stepping the total edge weight (sum of wij &  wji  for all 

patches) from 100 to 2500 in 50-unit increments. Following the findings of Underwood et al. 

(2007) that the majority of Seriatopora hystrix  larvae settle within 100 metres of their natal 

colony we set the area value at 2 hectares.  Exploration of MLT values for the     and    

parameter space indicated the parameter values with sufficient variation and acceptable 

ranges: 0.01<      <4, 1<    <100. We then chose a rather small value of  =0.1 which 

represents weak environmental stochasticity and a large value of  =2 which represents 

strong environmental stochasticity (Drechsler 2009). The species-specific coefficient  was 

set in the middle of the acceptable range to 45. The size of the network was 50 vertices, 

which is a compromise between processing time and network complexity.  

The second question we address concerns network size, measured by the number of 

vertices, N. The networks (Erdos-Renyi random, tree, lattice, Barabasi-Albert, forest fire, 

geometric (small and large radius), complete and small world; table 3-1, figure 3-2) were 

created from N = 10 and increased to 155 by 5-unit increments. The total edge weight for 

each network was set at 1500, the extinction-area exponent   varied from 0.1 to 2, the 

species-specific coefficient    set at 45 and the area for each vertex was set at 2 hectares. 

Since the size of the population also relates to the area of the patch we vary the area 

uniformly in a subsequent simulation from 0.1 to 3 Ha. The total edge weight was set at 

1500, the extinction-area exponent    varied from 0.1 to 2, and the species-specific 

coefficient    set at 45 (scaled to area units). 

The third question was examined by sampling the GBR network (Kininmonth et al. 2010a) 

from 10 to 160 vertices in multiples of 50 while recording the value of MLT. The patch area 
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and edge weights are directly obtained from the GBR network. The network used contained 

321 vertices and 7487 edges and was modelled for 1998 with parameters of day release, 1 

km pickup zone, 1 week pre-competence, 3 weeks competent and no predation (James et 

al. 2002).  

The simulations were run in R with primary use of igraph package (Csardi & Nepusz 2006). 

3.3 Results 

 

Increasing edge weight caused MLT values to increase exponentially (figure 3-3).Topologies 

such as the Geometric and Tree increased strongly with an increase in total edge weight, 

whereas other topologies such as lattice and complete increased only gradually. The effect 

of increasing edge weight was to increase the interaction strength between vertices and 

thus accentuate the topologies determining the distribution of connections.  

 

Figure 3-3. Effect of topology on the MLT with varying total edge weights and    extinction-area 

parameter (A. 0.1, B. 2). The topologies, with the highest MLT values first, were geometric small 

(purple), tree (blue), geometric large (grey), Erdos-Renyi random (yellow),  forest fire (orange),  GBR 

small world (pink), Barabasi (black), lattice (green), complete(red). 
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 Topologies such as the Geometric and Forest Fire (figure 3-2) can rapidly compact the 

network since the vertices within the hubs have a disproportionately higher number of 

edges (compared to the majority of vertices outside of hubs) that connect to other vertices 

that also have a higher number of edges. Consequently small increases in edge weight will 

bind the vertices in the hubs closer together. The Geometric topology is essentially the same 

as the distance dispersal models used by Drechsler (2009) and Frank & Wissel (2002) and 

was ranked 1 and 3 in the two sets of simulations with differing extinction-area exponent    

varied from 0.1 to 2. Topologies with evenly distributed degrees such as the lattice only 

compact the local neighbourhood as the edge weight increases. The Complete topology 

increased the least and this is due to the even division of the total edge weight by the 

maximum number of edges resulting in relatively  ‘weak’ edges that respond slowly to 

weight increases.  Apart from tree, lattice and complete, networks were constructed in a 

stochastic manner and the MLT values will vary slightly with each network simulation. 

When network size was increased, MLT increased at least exponentially for all topologies 

(figure 3-4).  The Geometric, Forest Fire and GBR small-world topologies increased at the 

highest rates while the Lattice and Erdos-Renyi random  topologies increased much slower. 

From a metapopulation perspective the topologies with tightly bound clusters 

(‘communities’ in this context) were quickly forming highly persistent ‘hubs’ that served to 

enhance dispersal.  
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Figure 3-4. Plot of the change in MLT as the number of vertices increases with a corresponding 

increase in the total weight of the dispersal network. The extinction-area parameter   is varied 

from (A.) 0.1 to  (B.) 2. The topologies, with the highest MLT values first, were geometric small 

(purple), geometric large (grey),  forest fire (orange),  GBR small world (pink), tree (blue), 

complete(red), Barabasi (black), lattice (green), Erdos-Renyi random (yellow). The variability for 

some topologies is due to their stochastic generation creating different numbers of edges. 

 

In the vertex number simulation above, each vertex added to the network also added 

additional area. To isolate the effects of area changes, we simulated the increase in area 

(0.1 to 3.0 Hectares by 0.1 increments) but kept the vertex number at 50. For a high 

extinction rate (  = 0.1 ) MLT increased logarithmically with respect to increased area 

(figure 3-5A). For a lower extinction rate (  = 2) there was an initial gradual increase for the 

area range 0.1 to 1 for all topologies, followed by an exponential change in MLT but at 

different area values for each topology type (figure 3-5B).   The Geometric topology ranked 

the highest with respect to MLT, whereas the Complete topology was lowest. Similar to the 

previous simulations, networks with a small number of highly connected clusters generated 

higher MLT values as the area was increased.  
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Figure 3-5. Plot of the MLT as the area of each patch is increased from 0.1 to 3 Hectares for the 

extinction-area parameter η values of 0.1 (A.) and 2 (B.). The topologies, with the highest MLT values 

first, were geometric small (purple), tree (blue), geometric large (grey), forest fire (orange),  Erdos-

Renyi random (yellow), GBR small world (pink) Barabasi (black),lattice (green), complete(red). 

 

The GBR small world network is a heterogeneous mix of patch (coral reef) areas, dispersal 

strengths (derived from a Lagrangian particle dispersal model) and topologies (figure 3-6). In 

our simulations, as the size of the sub-sampled network increased from 10 to 160 vertices, 

mean MLT increased logarithmically  (figure 3-7A). Standardising for the change in mean 

MLT values, MLT variation decreased as expected (figure 3-7B).  
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Figure 3-6. The Great Barrier Reef small world network (for 1998 year) where the size of each vertex 

(ball) is in proportion to the harmonic mean Ui  of equations 3-6 & 3-7  (Drechsler 2009, eq.8 ). 

The image was created using the Fruchterman-Reingold algorithm in Pajek (Batagelj & Mrvar 1998) 

and KiNG (http://kinemage.biochem.duke.edu) using the network that was modelled for 1998 year 

with parameters of day release, 1 km pickup zone, 1 week pre-competence, 3 weeks competent and 

no predation (James et al. 2002).  

 



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

55 
 

 

Figure 3-7. A) plot of the increasing mean log10 MLT for the GBR network subsamples at sizes ranging 

from 10 to 150 with 50 repetitions. B) Boxplot of the log10 MLT values standardised by the mean 

log10 MLT across the network size range showing the decreasing variance with network size. 

 

3.4 Discussion 

 

The capacity of metapopulation modelling to inform conservation planning is based on the 

assumption that dominant metapopulation processes are represented in the model (Mumby 

1999). For dispersal this has been limited, in the past, to simple distance-dependent 

dispersal kernels assuming a homogenous landscape matrix and non-directional organism 

movement. This is adequate when the simple homogeneous nature of the landscape matrix 

does not impair the passage of propagules, but in marine ecosystems, the dynamic nature of 

the transport processes results in a significant and varying proportion of propagules arriving 

at distant habitats (Kinlan & Gaines 2003).  This creates dispersal patterns that are complex 

and best represented by networks (Bascompte 2009; Bodin & Norberg 2007). 

Metapopulation modelling based on these networks is likely to capture the topological 

structures relevant to conservation planning.  
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We modified the Mean Life Time metapopulation model of Drechsler (2009) so that the 

parameters could be directly referred to graph theory metrics. Equations 3-1 to 3-10 

presented here can be used to evaluate conservation planning scenarios with respect to the 

topology of networks. Since estimation of the parameters in the field is difficult, the main 

benefit of using this model is the comparative metapopulation response to differing 

conservation alternatives (e.g. distribution of marine reserves).  

The structural configuration of networks (= topology) influenced MLT. Simulated networks 

with strongly clustered topologies (standardized with uniform patch area and edge weights), 

such as a geometric network, usually had longer MLT values than networks with evenly 

distributed linkages such as a lattice. This implies that preserving core ‘hubs’ (sensu Li et al. 

(2005) where a small set of strongly interconnected vertices exists will increase the MLT of a 

metapopulation.   

Two key determinants of the MLT were the extinction rate and the colonisation rate. 

Colonisation rate was a function of the weight value of the edges. When the total edge 

weight value for the network was increased, the network effectively contracted (from a 

larval dispersal perspective) and MLT increased. This highlights the positive effect that 

increases in edge weight, inferring connectedness, has on the stability of local populations. 

Conversely, this model supports the paradigm that isolating populations will dramatically 

increase the risk of local extinction (Hanski 1998). Since the distribution of connections and 

edge weights in nature is determined by environmental conditions and will likely be 

heterogeneous, individual populations will have variable colonisation-extinction ratios.  

Similarly, extinction risk is likely to vary across metapopulations as environmental conditions 

vary and lead to variation in habitat quality for different populations, sometimes producing 
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source-sink dynamics. Populations in high quality (low extinction risk) habitats are able to 

release larvae into the dispersal network and thus act as sources (Crowder et al. 2000). 

Conversely poor quality (high extinction risk) habitats will absorb the migrant larvae but will 

have limited capacity to contribute to the regional population larval source (Crowder et al. 

2000). The simulations conducted here used a homogeneous extinction measure but the 

MLT model design presented here can easily accommodate variation in habitat quality.  

This model shows that as network size increases, MLT varies by network topology. 

Topologies with a small world configuration generate networks with a higher MLT compared 

to those with homogenous degree distributions. Simply increasing the number of 

populations in a metapopulation with a Lattice or Erdos-Renyi random topology does little 

to increase MLT.  The mean field approach within this model will only have an effect on the 

MLT when there is a shift in the distribution of the colonisation strength and colonisability 

values. Homogeneous topologies can increase in size but the geometric mean of their 

aggregated colonisation-extinction ratio remains constant. Increases in patch number most 

effectively increase MLT if at the same time the geometric mean of the colonisation-

extinction ratios is increased. If patch sizes are kept constant, changes in network topology 

are necessary to alter MLT.    

Populations that occupy a small geographic range or occur in small distributed populations 

are considered vulnerable to extinction (Hanski 1998). This model provides further support 

that maximising metapopulation effective size (i.e. increased number of patches that can 

connect to the network) through the reduction of fragmentation or the protection of critical 

habitat is an effective conservation activity.  Increasing the area of each of the patches also 

increased MLT but with a different effect than simply adding more patches to the network. 
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Addition of high quality patch area, with a corresponding lower extinction rate, caused large 

increases in MLT. Thus, extinction rate significantly influences the effect that extra vertices 

have on MLT. This implies that adding ‘poor quality’ patches to a metapopulation has 

minimal advantage unless there exist ‘hubs’ of strongly connected patches.   

The implication for conservation planners from these two scenarios (increase area, increase 

patch number) is that the first stage of a recovery plan should be to protect the existing area 

and ideally the area constituting hubs, if they exist (Vuilleumier et al. 2007). Subsequent 

effort should be allocated to increasing the number of effective populations perhaps by 

enhancing connectivity to isolated patches (highest priority to the high quality patches). Of 

course this assumes that environmental catastrophes can be mitigated, otherwise it might 

be prudent to spread conservation efforts in space (Game et al. 2008a). 

Many naturally occurring networks exhibit a small-world topology (Green & Sadedin 2005), 

which ranked highly with respect to MLT in our simulations.  The small-world topology was 

represented in differing forms by the Geometric, Forest Fire and GBR networks. Each of 

these generated networks that contained clusters of highly connected vertices (hubs) that 

were also connected to each other. From a hierarchical perspective the vertices in these 

hubs can be aggregated to simplify the network into a connected series of hubs 

(Lancichinetti et al. 2009; Ravasz & Barabasi 2003). The topological effect on larval dispersal 

is to optimise local interchange, with some dispersal occurring, at high cost, between distant 

populations. By placing the area available to generate propagules and also receive migrants 

in close proximity, the value of q, the aggregated colonisation-extinction ratio was 

maximised. Topologies that generate networks with evenly distributed connections such as 
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the complete, lattice and Erdos-Renyi random networks will limit the concentration of 

migration and immigration potential across the network.   

As the weight or area of vertices increased, the small world networks formed consolidated 

clusters quicker than other topologies. Likewise as the number of vertices was increased the 

effective size of a small world network remained small (Grossman 2000). The lattice 

configuration, however, expanded proportionally to the number of vertices (and effectively 

reduced propagule density) as newer vertices were added. For a small world even when we 

used the scale free distribution of edge weight generated by the Lagrangian particle model 

(Kininmonth et al. 2010a), the distribution of the colonisation-extinction ratio remained 

spread across the network.  

Random sampling of the GBR small world network yielded a diversity of topologies.  Small 

networks extracted from the large complete network showed high variability, but as sample 

size was increased to include half the GBR small world network, variability decreased. This 

emphasises the dilemma for the conservation planner regarding local versus regional 

protection plans for a complex system (Drechsler & Wissel 1998). Can custom-designed local 

plans be integrated into a holistic regional plan? In particular, for the GBR can isolated 

coastal coral reefs with a tree-like dispersal topology be protected in the same way as the 

more numerous mid-shelf reefs, which have a geometric dispersal topology? This model 

suggests that where local populations have a dispersal topology that is homogeneous (i.e. 

lattice or complete), the conservation focus should remain on identifying and enhancing 

habitat quality (Almany et al. 2009). Otherwise this model suggests that the priority should 

be to protect the quality of the ‘source’ patches especially if they have strongly weighted or 

numerous connections to neighbouring patches (i.e. part of a hub). 
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3.4.1 Application to GBR conservation 

 

The spatial allocation of marine reserves in the GBR in 2004 was conducted with knowledge 

of the biophysical regime (Fernandes et al. 2009). One of these principles was to maximise 

the use of environmental information to determine the configuration of no-take areas to 

form viable networks. However, the requisite data was inadequate and the theoretical 

framework for accommodating the spatial configuration was lacking (Fernandes et al. 2009). 

As a consequence the reserve allocation process was primarily focused on the capture of 

representative biodiversity within a reserve system (Kerrigan et al. 2010) without attention 

to metapopulation processes.  The primary management tool in the GBR reserve system is 

the reduction of fishing pressure (equivalent to the reduction of the extinction rate) for 

sessile adults. The spatial allocation of reduced extinction risk that maximizes MLT of marine 

populations can also form the basis for a comprehensive conservation framework.  The GBR 

exhibits a range of larval dispersal topologies at differing scales (Kininmonth et al. 2010a) 

and so optimising the colonisation processes (through the enhancement of habitat quality 

via a reduction in extinction rate) at local and regional scales will be dependent on the 

topological patterns. The algorithms to formulate this design process are the topic of 

ongoing research. 

This new method of integrating the MLT formulae within the network structure presents 

significant enhancements over the previous spatial metapopulation models. In particular, 

the capacity to identify topological influences on MLT, where the dispersal processes are not 

operating in a homogeneous environment, is an important advance. As dispersal networks 

describing various ecological systems are developed, the capacity to understand the 

complex interactions between network size, patch area, environmental stochasticity and 
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topology will surge. Consequently, effective protection measures with respect to topology 

will foster implementation of optimal conservation efforts for marine metapopulations.  
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3.6 Supplement: Graph theory  

 

Graph theory is a branch of mathematics that describes the nature of simple (Gross & Yellen 

1999; Harary 1969) and complex (Dorogovtsev & Mendes 2002; Proulx et al. 2005; Steuer & 

Lopez 2008) networks. A graph ( , )G V E  can be defined as a finite set of vertices ,V  

connected by edges E (figure 3-8). Theorems of the properties of simple graphs dominated 

the use of graph theory until the advent of fast computers. Large graphs were modelled as 

randomly assembled graphs or as regular lattices (Albert & Barabasi 2002).   

 

Figure 3-8. A simple graph containing 5 vertices and 7 edges. Four of the vertices have a degree of 3, 

one has a degree of 2. 
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The degree (
ik ) of a vertex i defines the number of connecting edges and hence the number 

of neighbouring vertices. All vertices in a regular lattice share a common degree, <k>, and 

this configuration (often displayed as a grid of equally sized cells) is commonly used as the 

basis for neighbourhood interaction models (Bjornstad et al. 1999; Vuilleumier & Metzger 

2006). In a random graph the degree of all the vertices has a Poisson distribution and is 

characterised by a modal hump at the mean degree (Albert & Barabasi 2002; Erdos & Renyi 

1960).  The average degree for all the vertices in a graph is denoted as <k>. 

 

Graphs that have a high level of clustering (triangular linkages) and average short path 

lengths (the number of edges from one vertex across the network to another vertex) 

compared with random or regular lattices are known as ‘small world’ graphs (Watts & 

Strogatz 1998). However, there is no explicit definition of the properties of small-world 

graphs (Schnettler 2009). Small-world topology increases the connectivity of vertices, 

effectively making it smaller, in terms of interactions, than a random or regular one. Clusters 

connected by longer links enable any point in the network to be located a small number of 

steps from any other point and this forms the basis of Stanley Milgram’s 6 degrees of 

separation for the network describing human social interactions (Barabasi 2002). 

 

While the number of connections reveals many of the topological structures, the strength of 

each connection can be used to describe the exchanges between the vertices.  In the case 

where the strength of connection between two vertices is known, the value of the edge 
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weight, wij, describes the intensity of interaction occurring between vertex i to vertex j.  The 

inbound and outgoing strength indices for vertex i are defined (Newman 2004) as: 
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where v(i) is the set of neighbours of vertex i ,
jiE is the set of edges having the inbound 

direction to vertex i and 
ijE is the complementary set of edges having an outbound origin 

from vertex i.  The average inbound and outbound strengths for the entire graph are: 
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Chapter 4  Dispersal connectivity and reserve selection for marine 

conservation 
 

Kininmonth S, Beger M, Bode M, Peterson E, Adams V, Dorfman D, Brumbaugh D, 

Possingham H (2011) Dispersal connectivity and reserve selection for marine 

conservation. Ecological Modelling, 222, 1272-1282 

Abstract 

Although larval dispersal is crucial for the persistence of most marine populations, dispersal 

connectivity between sites is rarely considered in designing marine protected area 

networks. In particular the role of structural characteristics (known as topology) for the 

network of larval dispersal routes in the conservation of metapopulations has not been 

addressed.  To determine reserve site configurations that provide highest persistence values 

with respect to their connectivity characteristics, we model nine connectivity topological 

models derived from graph theory in a demographic metapopulation model. We identify 

reserve site configurations that provide the highest persistence values for each of the 

metapopulation connectivity models. Except for the minimally connected and fully 

connected populations, we observed two general ‘rules of thumb’ for optimising the mean 

life time for all topological models: firstly place the majority of reserves, so that they are 

neighbours of each other, on the sites where the number of connections between the 

populations is highest (hub), secondly when the reserves have occupied the majority of the 

vertices in the hub, then select another area of high connectivity and repeat.  If there are no 

suitable hubs remaining then distribute the remaining reserves to isolated locations 

optimising contact with non-reserved sites. 
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4.1 Introduction 

 

In recognition of the interconnectedness of marine systems, increasing emphasis has been 

placed on establishing ecologically connected networks of protected areas as a pragmatic 

solution to the conservation of insufficient habitat area (Jones et al. 2009; Jones et al. 2007; 

Mora et al. 2006; Sala et al. 2002). As the populations of most marine species exchange 

juvenile organisms between sites (defined as discrete seascape features such as a coral 

reefs) for recruitment (Botsford et al. 2001), small isolated marine protected areas (MPA) 

are unlikely to ensure the persistence of marine metapopulations (Mora et al. 2006).  

Instead, networks of MPAs that reflect the inter-site connectivity are required to ensure that 

the processes supporting marine populations are adequately incorporated in marine 

conservation efforts (Jones et al. 2007; Kaplan et al. 2009; Mora et al. 2006).  This paper 

provides a theoretical framework to integrate complex patterns of dispersal connectivity 

systematically into marine conservation planning.  To do this we first describe nine 

connectivity patterns. Then we use a greedy algorithm to find the best reserve system 

design, based on maximising the metapopulation persistence, for each pattern given a 

constraint on how much of the system can be reserved. 

 

Many definitions of structural, potential and actual connectivity have been identified and 

discussed in the ecological literature (Bridgewater 1987; Fall et al. 2007; Minor & Urban 

2008, 2010; Schumaker 1996; Taylor et al. 1993).  In this paper, we focus on 

intergenerational dispersal among discrete habitat sites, such as found in many marine 

plants, invertebrates and fishes, where the net movements of larval propagules among 
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habitat sites is significantly greater than those of relatively sedentary adult stages 

(Grantham et al. 2003). The role of environmental stochasticity, larval mortality and 

fecundity fluctuations (Graham et al. 2008; Hughes et al. 2000; Knights et al. 2006) can 

influence the long term flow of viable recruits however the connectivity regime utilised in 

this paper is based on the fixed proportion of the yearly cohort that will depart from a natal 

site and arrive at a settlement site.  For the model presented here, the magnitude of 

connectivity is determined by the probability of larval dispersal success combined with the 

population fecundity and environmental stochasticity of the source and settlement sites.  

The magnitude and the structure of the connections define the metapopulation character 

(Kritzer & Sale 2004). 

 

Many species exist as metapopulations because of the fundamental patchiness of the 

natural world, the specificity of their habitat requirements and their movements among 

these sites (Bascompte et al. 2002; Hanski 1994; Lewis 1997).  Marine populations 

particularly depend on dispersal dynamics given their reliance on patchy habitats (e.g. 

estuaries, rocky pinnacles, kelp forests and coral reefs) and their long-lived and potentially 

long-distance dispersing planktonic larvae (Grantham et al. 2003; Kinlan & Gaines 2003; 

Treml et al. 2008).  Despite increasing attention on the proportion of marine larvae that 

“self-recruit” back to the same population as their parents (Almany et al. 2007; Hastings & 

Botsford 2006a; Jones et al. 1999; Jones et al. 2005), most marine populations are still 

considered to be influenced by recruits from elsewhere (Underwood et al. 2007; van Oppen 

et al. 2008).  
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Despite this emergence of connectivity research, the sensitivity of marine populations to 

marine dispersal processes is rarely systematically considered in marine conservation 

planning (Cerdeira et al. 2005; Sale et al. 2005).  This is not withstanding the growing 

collection of research publications that are evaluating MPA networks (see review by 

Pelletier & Mahevas 2005). Linear reserve systems along a variable coastline (Kaplan et al. 

2009; Walters et al. 2007), single species models within a heterogeneous 2 dimensional 

habitat (Kraus et al. 2008) and multi-species models (Mahevas & Pelletier 2004; Yemane et 

al. 2008) all incorporate complex life cycle information to estimate fish abundance 

trajectories within a MPA network.   Several models also include spatially explicit sub-

models of fishing effort and resource management (ISIS-Fish model, Kaplan et al. 2009; 

Mahevas & Pelletier 2004). In contrast the model proposed here seeks to develop the 

foundations for conservation planning that incorporate connectivity by offering a simpler 

metapopulation model within a more complex network structure. As such our model 

advances the linear dispersal work by Kinlan et al (2006) and Kaplan et al. (2009) to large 

complex two dimensional site configurations and connectivity patterns. 

 

Conservation planning often ignores the patterns but instead focuses on the importance of 

protecting “source” over “sink” populations (Crowder et al. 2000).  Yet protecting a set of 

highly productive, but disconnected, sources could be worse than protecting a well 

connected chain of lesser sources, as the overall strength of the connections within the 

network is important for metapopulation persistence (Beger et al. 2010; Bode et al. 2008; 

Tuck & Possingham 2000). The key to metapopulation persistence is the combination of 

source strength and whole system connectivity.  The trade-off of a site’s demographic 
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output and  its connections within the MPA network remains a challenge to conservation 

planners (Almany et al. 2009; Hodgson et al. 2009).   

 

Contemporary conservation planning methods tend to be based on biodiversity patterns 

(Cerdeira et al. 2005; Fernandes et al. 2009; Roberts et al. 2006), and largely ignore dynamic 

processes (Moilanen et al. 2009; Pressey et al. 2007).   Connectivity patterns between 

marine habitats do not necessarily represent spatial biodiversity patterns (Sala et al. 2002), 

with high variability often observed among the systems studied (see GBR example; Pitcher 

et al. 2007).  Depending on oceanographic and atmospheric circumstances, larval 

characteristics and behaviour, and scale, any spatial arrangement of sites could have many 

different patterns of connectivity (Byers & Pringle 2006).   

 

The structure of connectivity models and their implications for conservation planning are 

largely determined by spatial scale and are often species-specific (Shanks et al. 2003).  For 

example, a species with long-lived larvae and long dispersal distances, will require large 

scale management to influence the larval recruitment (Botsford et al. 2006).  At smaller 

scales, only species with short dispersal capabilities will be influenced by connected MPA 

networks (Hastings & Botsford 2006a; Kaplan et al. 2009).   

 

Complex larval dispersal networks are not randomly structured but instead have a topology 

based on their functional characteristics (Minor & Urban 2008). In this context ‘topology’ is 

the term describing structural characteristics of a network (Albert & Barabasi 2002) that 

remain despite being deformed. For example a lattice structure with a regular pattern of 

four connected vertices will retain a lattice topology despite being twisted or stretched. 
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Certain topologies can create modules, or highly connected regions, known as hubs. The 

definition of a ‘hub’ is difficult to specify exactly. In graph theory, determining the 

modularity or community structure of networks is a theoretically challenging exercise 

(Porter et al. 2009). Just identifying the vertices with the highest number of connections  is 

often insufficient to determine the modular structure (Li et al. 2005). Algorithms that 

attempt to split a network into a series of structural units, are based on a heuristic 

mechanism that seeks to formalise the basis of what constitutes a ‘good’ community (Butts 

2009; Leicht & Newman 2008; Newman 2006b).  

 

In this paper we present a comprehensive array of dispersal connectivity topologies that 

affect strategies for conservation planning. In this conservation framework, whether a site is 

allocated reserve status, or not, implies the influence of fishing pressure and directly 

changes the local extinction rate within the metapopulation model. Importantly the model 

presented does not directly address fisheries based issues of spill over and sustainable yield.  

More detailed modelling regarding specific fish stock management (Kaplan et al. 2009) 

would be required to make this model applicable to fisheries management.   

 

4.2 Material and Methods 

Here we do not attempt to represent arbitrary patterns of metapopulation connectivity, nor 

do we develop patterns specific to a particular system.  Rather, we examine a 

representative set of topologies that capture some of the most commonly evoked patterns 

of connectivity so as to demonstrate our method and understand its basic functioning. 
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Our taxonomy of connectivity classifies the myriad different possible connectivity patterns 

into nine "connectivity topological models" that represent recognisable types of distinct 

connectivity (described in table 4-1, figure 4-1), and discusses differences in conservation.  

The connectivity topological models include the (1) minimally connected, (2) larval pool with 

equal redistribution (LPER), (3) nearest neighbour, (4) small-world, (5) linear, (6) tree (7) 

minimum fixed distance (Geometric), (8) random network and (9) scale free.   

 

Table 4-1. Alternative networks for comparison (see figure 4-1).  

 

Model Name Description 

Minimally connected Technically this is not a network but to make the comparison work the 

LPER network is used with the edge weights set to a very low value. 

This effectively makes the connections potentially available but 

presently non-functional. 

LPER This graph has every node connected to every other node. (Csardi & 

Nepusz 2006) 

Nearest Neighbour  This pattern is represented by a lattice of 2 dimensions composed of a 

set of four vertices joined in a square (Csardi & Nepusz 2006). 

Small World  Using the Forest fire algorithm this network model resembles how a 

forest fire spreads by igniting trees close by (Leskovec et al. 2007).  

Vertices are added sequentially and edges are created with respect to 

the neighbouring configuration.  

Linear  This model is based on a simple single connection between each 

neighbour. The direction of the edges is set to flow from one end to 

the other end of the network like a coastal flow (Csardi & Nepusz 

2006). 

Tree   This model is based on a regular tree with 2 edges connecting the 

‘child’ neighbours. The direction of the edges are set to flow from 

child to parent vertices like a river network (Csardi & Nepusz 2006). 

The central vertex is the final destination or ‘sink’ of this flow model. 
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Geometric  

 

 

First a number of points are dropped on to a unit square, then two 

points will be connected with an undirected edge if they are closer to 

each other in Euclidean norm than a given radius (Csardi & Nepusz 

2006). 

Random Initially the vertices are created then the set number of edges (4 times 

the vertex number in this paper) are allocated randomly (Erdos & 

Renyi 1959). 

Scale Free  We use the Barabasi-Albert model whereby one vertex is added in 

each time step and edges are then created to link existing vertices 

with a scale free probability, ( )P k k  (Barabasi & Albert 1999). 

 

To evaluate the quality of reserve networks within the different connectivity topological 

models, we used the expected mean life time (MLT) of a metapopulation (Drechsler 2009; 

Kininmonth et al. 2010b).  A fixed number of pelagic offspring disperse and recruit to sites to 

which they are connected (including their natal site) each year within the stochastic 

metapopulation model.  We assume the connectivity patterns are constant from year to 

year although in general connectivity patterns vary between years (Bode et al. 2006b; Siegel 

et al. 2003; Treml et al. 2008).  The complexity of larval dispersal connectivity is 

incorporated into our metapopulation model with the use of a graph-theoretical network, a 

data object that stores all the relevant information about the outcome of a dispersal process 

(see example at Kininmonth et al. 2010a).  We can define this graph ( , )G V E  as a finite set 

of vertices ,V  connected by edges E. The degree ( ik ) of a vertex i defines the number of 

connecting edges and hence the number of neighbouring vertices. The average degree for 

all the vertices in a graph is denoted as <k>. The clustering coefficient (CI), as defined by 

Montoya and Sole (2002), is the sum of the number of triangular linkages 1( ,..., )i ni V V 

within the set of neighbours for a selected vertex divided by the maximum possible 

neighbour linkages where n is the number of vertices in the network. The average minimum 
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path length L  is the average number of edges in the shortest path ( , )MinL i j  between all 

pairs ( , )V i j  in a graph averaged over ( 1) / 2n n  vertices (Montoya & Sole 2002). The 

diameter, D, is the longest minimum path length that exists between any vertices in a 

network. 

 Each vertex i has the attribute of area ( )iA  and each edge, Eij , has a weight ( )ijw  indicating 

the strength of connection between two populations (i and j). The weight ( )ijw  represents 

the proportion of larvae produced at site i that disperse to site j.  

 

Following Drechsler (2009) and Frank and Wissel (2002) the local populations have a local 

extinction rate 

 i iA   
                    (eq. 4-1) 

 where  is a species-specific coefficient relating to minimum site size, and   is the 

extinction–area exponent. A smaller value of   indicates a strong environmental variation 

and consequently a slow decline of local extinction rates to area. As described in Kininmonth 

et al. (2010b)  the summation of the outbound edge weights ( )ijw  for each vertex (referred 

to as vertex strength 
out

is ) is used to measure the emigration rate;  
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      (eq. 4-2).    

The rate at which a site i is colonised is   
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(eq. 4-3),  

where  is the colonisation number indicating the number of successful recruits needed to 

restart a colony and vj is the extinction rate of each neighbour of Vi. The colonisation 

strength of each site is given by   
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           (eq. 4-4)  

which is essentially a measure of the dispersal capacity of the neighbouring sites. Next we 

calculate the colonisation-extinction ratio for each site using the harmonic mean of 

equations 3 & 4 (Drechsler 2009 , eq.8). The aggregated geometric mean of the 

colonisation-extinction ratio (Drechsler 2009, eq. 9) for the entire network, q, is then 

combined with the geometric mean of the local extinction rates, v (Drechsler 2009, eq. 10), 

to calculate the approximate mean life time of the entire metapopulation (consisting of N 

populations) by the formulae  (Drechsler 2009) 
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        (eq. 4-5). 

 

4.2.1 Selection of optimal MPA systems 

 

We model the optimisation of the MPA network configuration in 4 steps, in R (http://cran.r-

project.org/) using the igraph package (Csardi & Nepusz 2006). 
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Step 1: Create a graph defining the topological model and generate connection strengths 

For each topological model we generate a network of a set size (50 vertices) with the 

algorithms listed in table 4-1. We then calculate the weight for each edge based on a total 

weight value (1500) divided by the number of edges which varied for each topology (see 

table 4-2). Following the findings of Underwood et al. (2007) that the majority of 

Seriatopora hystrix  larvae settle within 100 metres of their natal colony we set the area 

value at 2 hectares.  Exploration of MLT values for the     and    parameter space 

indicated the parameter values with sufficient variation and acceptable ranges: 0.01<      

<4, 1<    <100. We then chose a rather small value of  =0.1 which represents weak 

environmental stochasticity (Drechsler 2009). The species-specific coefficient  was set in 

the middle of the acceptable range to 45.  

The value of the minimum number of immigrants required (   ) was set at 2. All the 

parameters established above are designed to maintain the MLT values at realistic values 

given the area parameterisation.  

Step 2: Allocate randomly 16% of sites as reserves and adjust extinction rate. 

Recent marine reserve design and implementation efforts achieved between 5 and 33% 

reservation of habitats (Day et al. 2003; Mora et al. 2006) so we conducted our analyses 

with a 16% MPA network.  Our approach to defining the influence of a reserve is to increase 

the extinction-area parameter η value.   A random selection of 8 sites was ‘protected’ by 

changing their η values to 1.5 (from 0.1).  

Step 3: Calculate persistence value 

We calculated the metapopulation mean life time (MLT) of the network with its reserve 

system using equation 4-5.  
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Step 4: Find a network with high persistence 

We used an iterative algorithm to find an approximate optimum of reserve sites placements 

given the objective of maximising metapopulation mean life time.  To find a good reserve 

system we used a hill climbing algorithm. Hill climbing algorithms start with a random 

solution (e.g. allocation of sites as reserves) and a small change is made (e.g. randomly 

switch one non-reserve with a reserve). The resultant solution is then compared to the 

current solution (using the MLT values). If the new solution is better than the previous 

solution then the new solution is retained while the older solution is discarded. This process 

is repeated until no more improvements can be found given a set number of iterations.  

This simulation was repeated 100 times using the same network but with different random 

initial reserve placements. The hill climb algorithm only finds a local optimum and so the 

best reserve network from the 100 iterations was retained as an example. 

4.2.2 Naive Reserve placement 

To replicate the scenario where reserves are placed without knowledge of the connectivity 

processes we created randomly allocated reserves and measured the MLT (steps 1 to 4 only) 

for 1000 independent instances of each topology model.  

 

4.2.3 Increase reserve percentage 

We also examined the change in MLT values for each topological type as the percentage of 

reserves was increased from 20% to 80% in 5% increments, for a 50 site network. Each 

network model was optimised using the hill climb algorithm. 
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4.2.4 Edge weight, network size and site area sensitivity simulation 

The responses of the model presented here to situations such as the placement of reserves 

in systems that are very weakly connected or that have changes in site area or changes in 

the number of connected sites were explored. The total edge weight value was stepped 

through from 1 to 14001, in 1000 increments, while examining the optimal reserve 

placement. Similarly the site area was changed from 0.2 to 24.2 and the site number from 

20 to 100 while examining the MLT values and the reserve placement. 

4.3 Results  

The 9 topologically different networks (table 4-1, figure 4-1), with 50 sites including 8 

reserves, had MLT values ranging from 4.8 (minimally connected) to 3.5x109 (geometric) 

years. The results for each topological model are different and described in detail in table 4-

2 and summarized in the following. For the minimally connected model the randomly placed 

reserves all had the same value and this result was reflected in the single MLT value derived 

from 100 iterations of the hill climb algorithm. The LPER (fully connected) model showed 

that changes in reserve placement did not change the MLT values. 
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Figure 4-1.  Topological models and MLT distributions. The first column presents the best reserve 

configuration determined by the hill climb algorithm. The larger green circles are the 8 reserves for 

each of the topologies described in Table 4-1. The second column is the histograms of the random 

placement of reserves for 1000 iterations. The third column contains boxplots of the MLT values 

generated from 100 iterations of the stochastic hill climb greedy algorithm.  



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

78 
 

Table 4-2. Results of the simulations showing edge number (E), average degree (<k>), 

Cluster Coefficient (CI), average minimum path length (L), longest diameter (D), random 

placement minimum, maximum and mean MLT values and the hill climb MLT minimum, 

maximum and mean values.  

 

Topology E <k> CI L D MLT (min, max, mean) 

Random 

placement 

Hill climb algorithm 

Minimal 2450 0 0 0 ∞ 4.8, 4.8, 4.8 4.8, 4.8, 4.8 

LPER 2450 98 1.0 1 1 10.4, 10.4, 10.4 10.4, 10.4, 10.4 

Nearest 

Neighbour 

84 3.4 0 4.2 12 10.1, 298.3, 50.9 15.1, 298.3, 208.8 

Small 

World 

119 4.7 0.4 1.8 5 45, 4.0x107, 

2.9x105 

59.0, 1.0x1010, 

2.6x108 

Linear 49 1.9 0 17 49 8.8, 62.4, 49.1 62.4, 62.4, 62.4 

Tree 49 1.9 0 2.6 5 24.8, 1137.9, 255.3 255.5, 1138.0, 890.9 

Geometric 264 10.56 0.6 2.3 5 340, 1.2x108, 

1.0x106 

11500, 3.5x109, 

7.5x107 

Random 200 8.0 0.1 2.8 7 10.7, 4458.0, 48.0 18.0, 3339.0, 184.0 

Scale Free 343 13.72 0.1 1.2 3 9.3, 3481.0, 414.3 9.3, 2499.0, 979.1 

 

For the nearest neighbour model the hill climb algorithm was able to optimise the reserve 

allocation in 60% of simulations so that the MLT value was at the maximum value. The best 

reserve placement for the nearest neighbour model was to place three or more reserves 

closely connected to each other and the remaining reserves distributed in pairs or singularly 

around the network.  

The small world model generated MLT values that were significantly improved by the hill 
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climb algorithm. The reserve placement in the best reserve network allocated the majority 

(6 out of 8) of reserves to the densely connected regions of the network and a minority in 

more isolated sites. For the linear model random reserve placement generated two values 

which can be attributed to a small number of reserves being placed adjacent along the 

linear network. The hill climb algorithm reflected this with a single optimal MLT value.  

The tree model found that the hill climb algorithm was able to improve the majority (84%) 

of best reserve networks.  The placement of 4 reserves in a group on one tree branch with 

the remainder placed at the starting locations on separate branches generated consistently 

high MLT values. 

 

The geometric or minimum fixed distance model demonstrated increased MLT values 

following the placement of reserves using the hill climb algorithm. Reserves placed within 

the highly connected regions of the geometric network with only a minority placed in more 

isolated regions generated the highest MLT values. 

The random model did not respond, in general, with higher MLT values due to the 

placement of reserves through a hill climb algorithm. The optimisation algorithm relies on 

random changes selecting sites with higher connectivity which is an improbable task for this 

topology.   

The scale free model has a degree distribution (based on ( )P k k   ) that results in a small 

number of vertices having a very large number of connections. The randomly placed 

reserves generated a bimodal MLT distribution while the hill climb algorithm only increased 

the MLT distribution marginally. The hill climb algorithm did not change the bimodal 
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structure of the distribution and, with only minor change in the mean values, this algorithm 

did not prove suitable for scale free networks.  

The increase in the reserved percentage from 20 to 80% for a 50 vertex network based on 

each topological style generated MLT values ranging from 5.1  to 3.3x1011 (figure 4-2). All 

the topologies, except the geometric, random and small world, exhibit a linear increase in 

MLT for a change in the percentage of reserves. For the geometric, random and small world 

networks the increase in reserves generated a logarithmic change in MLT.  An example of 

the changes in the reserve placement is provided in figure 4-3 which for graphical purposes 

uses a larger 100 vertex geometric network.  The thicker lines in figure 4-3 are those edges 

that radiate out from the reserves highlighting the extent of the influence of the reserves. 

The early placement of reserves in the highest connected region of the network is evident 

followed by the placement of reserves in more isolated locations.  
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Figure 4-2. Changes in MLT (log10 MLT for geometric, random and small world) for increases 

in the percentage of reserves across the range of topologies. Each point within the graph 

represents a locally optimised reserve network of 50 vertices.  

 

Changing the edge weight, site area and network size values resulted in a logarithmic 

change in the MLT for the scale-free, small world and geometric network topologies (figure 

4-4). Specifically the scale free networks showed the highest variability for weight and area 

changes. This was expected since the hill climbing algorithm did not specifically target highly 

connected sites for reserve allocation and hence these highly influential sites frequently 

missed out. The small world topology responded with the smallest increase in MLT following 

an increase in network size. The geometric topology increased the MLT values consistently 
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across all three parameter changes. Observations of the network placement for the 

different topologies and across the three parameter changes showed that the optimal MLT 

values were achieved by initially placing the reserves into the regions of highest connectivity 

then allocating reserves in more isolated sections of the network. However, when the total 

edge weight was less than 1000 or the site area was less than 0.3 Ha, the reserves were 

allocated randomly rather than targeting the hubs.   

 

Figure 4-3.  Placement of reserves (larger circles) given the increase in the percentage of vertices 

protected. Each network was based on a single instantiation of the Geometric topology with 100 

vertices showing the 10, 16, 22, 28% reserve placement. Each final network was optimised by the hill 

climb algorithm.  The thicker lines radiating from the reserves indicate the immediate connections 

and the sphere of influence. 
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Figure 4-4. Changes in the MLT values as the values of the edge weight, site area and network size 

was changed for the scale free, small world and geometric topologies. The percentage of reserves 

was 16%.     

 

4.4 Discussion 

Our metapopulation modelling within nine connectivity topological models demonstrates 

that selecting reserve sites with consideration of connectivity increases the persistence of 

metapopulations unless there is minimal connectivity or every site is equally connected. For 

populations of sessile adults with significant larval dispersal stages we propose a simple two 

part guide that will help establish a theoretical framework for conservation planning with 

respect to topology;  

1. Initially place reserves, so that they are neighbours of each other, within the region 
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with maximum connection density (hub),  

2. when the reserves have occupied the majority of highly connected sites within this 

hub then select another hub and repeat. If there are no suitable hubs remaining then 

distribute the remaining reserves to optimise contact with non-reserved sites.  

 

The nine topological models described here also exhibit individual characteristics for the 

optimal placement of reserves and thus the knowledge of the connectivity patterns is useful 

for marine reserve planners.  However we acknowledge that the simplicity of these models 

will ignore the more complex connectivity functions observed in marine systems and in 

particular the protection of ‘stepping stones’ and isolated clusters are not directly embraced 

by this modelling approach. We also emphasize that the metapopulation model used in this 

reserve optimisation model is limited and does not include trophic interactions, rescue 

effects, density dependent selection or demographic influences. For each pattern we discuss 

the unique results and implications for conservation planning.  

4.4.1. Minimally connected pattern 

When there is minimal dispersal between sites or where no information on dispersal exists, 

connectivity cannot improve the planning of a MPA network.  As the persistence of the 

metapopulation is not reliant on connectivity (each population must be persistent on its 

own as there is no dispersal), planning objectives may follow general guidelines of planning 

for comprehensiveness, adequacy and representativeness (CAR) for each population 

separately (Stewart & Possingham 2003). 
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4.4.2. LPER connectivity pattern 

If all sites are equally connected to each other, then any site in the system will receive larvae 

from all the remaining sites.  Thus, all MPA network configurations with LPER topology will 

result in the same connectivity outcome and connectivity can be discarded as a factor that 

informs reserve design.  Conservation planning may proceed following the basic CAR 

objectives (Stewart & Possingham 2003).   

 

4.4.3. Nearest neighbour connectivity pattern 

In the nearest neighbour pattern, our model suggests that persistence was best achieved by 

forming a 4 or more reserve cluster (direct connection between reserves)  with those 

vertices that were not on the boundary (limited to 3 edges) and then distributing the 

remaining reserves around the network (figure 4-1).  By protecting the process of 

recruitment in one part of the seascape, we created a long term source of larval supply for 

the remaining unprotected sites.  Mora et al. (2006) promote the conservation design 

concept that marine reserves should be located as a linked sub-network based on the 

dispersal distances. In graph theoretic terms this concept can be described by a minimum 

spanning tree where a connected string of reserve vertices spans the network connecting to 

the maximum number of non-reserved vertices (Fall et al. 2007). The percentage of reserves 

required to complete such a design would depend on the topology but will necessarily be 

high in a Nearest Neighbour network due to the maximum degree of 4.  
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4.4.4. Small-world connectivity pattern  

For the small-world topological model it is crucial to protect the hubs, however, rather than 

reserving all the hubs evenly, our model supports the initial placement of reserves in a 

single region dominating a single hub.  This means that conservation planning should 

proceed by identifying and protecting a significant proportion of sites located within hubs 

within small world networks. Visconti and Elkin (2009) also found aggregated sites (hubs) 

generated higher persistence within their metapopulation modelling than populations 

located evenly across the landscape. They also included the quality of the site in their model 

and found that variable quality across the landscape was more persistent than aggregated 

high quality simulations. While our model has an initial uniform quality (expressed as the 

extinction-area exponent η) the reserve allocation process (reduced extinction rate) has the 

effect of increasing the capacity of a local population to persist. Again in agreement with 

Visconti and Elkin (2009) our model placed reserves, that were excess to the domination of 

the hub sites, in a distributed fashion across the sites.  

4.4.5. Linear connectivity pattern 

In this scenario, downstream sites receive a quantity of settling larvae from upstream sites; 

hence it is intuitive that these upstream sites that should be an MPA priority akin to 

freshwater conservation planning. However our results consistently indicate an alternative 

strategy of initially placing (approximately 3) reserves grouped together with the remaining 

reserves distributed evenly along the network.   

4.4.6. Tree connectivity pattern 

The tree model simply joins at each ‘child’ site eventually flowing all the larvae into a single 

‘sink’ site. Given the catchment of larvae generated by the branching structure it is intuitive 
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that upstream sites that should be reservation priority. However our results consistently 

indicate an alternative strategy of initially placing reserves grouped together on one branch 

with the remaining reserves placed at the head of each branch.  The conservation planner 

will need to carefully examine the scale of the seascape network to determine if each 

‘stream’ should be treated as independent.  

 

4.4.7. Geometric network 

 

Geometric networks reflect the classic dispersal over a radiating distance (up to a distance 

threshold). The connections often form local clusters and the distribution of connections is 

heterogeneous across the network.  The results here are similar to the Small World topology 

with clusters of reserves dominating the higher connected regions to form the best reserve 

network.  

4.4.8. Random network 

 

For this scenario the connections between sites are randomly allocated with an average 

degree of 8. In a similar manner to the small world and geometric networks the placement of 

reserves should target the highest connected regions. If these regions cannot be identified 

then planners should consider the homogeneous network in a similar way to the Nearest 

Neighbour topology.  The principal design issue here is the random or transient nature of the 

connections. If the situation exists that the dispersal processes randomly change then the 

conservation planning will need to develop a flexible approach or accept the sporadic nature 

of connections and increase the reserve area to compensate. Kininmonth et al (2009) found 

the dispersal network structure of the Great Barrier Reef changed every year but the stronger 

connections were highly likely to remain in place. Weaker long distance connections are 
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necessarily unreliable but still important to the long term gene pool (Underwood et al. 2007; 

van Oppen et al. 2008).  

4.4.9. Scale Free network 

 

This network has a small number of vertices that are highly connected and our model 

identified these sites for protection first to maximise the persistence. The importance of 

scale-free architecture on network function is a matter of recent research (Barabasi 2009; Li 

et al. 2005). The spread of disease within scale free networks (Dezso & Barabasi 2002; 

Pastor-Satorras & Vespignani 2002) has shown that the highest connected vertices are not 

necessarily the principal infection agents. Rather, as Li et al (2005) highlights, understanding 

the critical topology for the highest connected vertices is essential to unlocking the key to 

network function. The hub structure that controls the majority of linkages is the key to 

understanding the dispersal across a scale-free network. 

  

Interestingly the solutions for the various connectivity topological models appear similar 

(figure 4-1); the best MPA networks always included some clusters of reserves centred on 

the highest internal connections.  Exploring this reserve allocation process further we 

examined the incremental changes in reserve design following increases in the percentage 

of reserved vertices (figure 4-2).  The hill climb algorithm did not simply select the vertices 

with the highest ranking number of connections. Instead the reserve allocation was a more 

complicated arrangement with reserves initially being placed together in order to dominate 

a hub followed by dispersal throughout the network. The optimisation algorithm evaluates 

whether an additional reserve is best placed in a hub (where it can ‘support’ both existing 
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reserves and non-reserves) or in a region of lesser connection density in order to optimise 

the persistence value.  

 

Our metapopulation algorithm, within the parameter space we selected, clearly favoured 

the notion that the dispersal feedback loop created between closely connected reserves 

results in a longer overall persistence than evenly distributing the reserves across the 

network. Kaplan et al (2009) also found that for long distance dispersers a cluster of marine 

reserves increased the settlement of the juveniles inside and outside the reserve areas. 

However no other studies have identified the second step of the allocation process, namely 

the placement of reserves in remote locations once the hubs have been dominated. 

Ensuring the spatial pattern of reserves align with the dispersal characteristics and 

metapopulation dynamics of the target species is fundamental to long-term metapopulation 

persistence (Yemane et al. 2008).   

Does this phenomenon of protecting the hubs with a dominating set of reserves in order to 

optimise the metapopulation persistence apply for systems that vary in the number of sites, 

the size of the sites or that are predominantly self recruiting? Our results (figure 4-4) show 

that when the colonisation rate is very low (due to small site area or low connectivity) that 

the topology of the reduced dispersal network is not influential in determining the 

prioritisation of reserve allocation. In other words, for the networks that are reduced to a 

minimally connected system conservation planning should instead focus on the CAR 

principles (Stewart & Possingham 2003). In contrast the size of the network within this 

modelling framework does not impact on the proposed guiding principle of protecting the 

hubs.   
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The approach by Hastings and Botsford (2006a; 2006b), also provides capacity to describe 

the persistence of a metapopulation using an integrated approach where the dispersal and 

population growth formulae are combined. Rather than use a mean field method, Hastings 

and Botsford (2006a; 2006b) use an eigenvector approach based on the growth-connectivity 

matrix.  While the conclusions reached, regarding the role of reserves in supporting larval 

supply, are similar to ours the additional capacity to include more sophisticated graph 

theoretic measures is limited in the Hastings and Botsford (2006a; 2006b) model. These 

measures could, for example, include betweenness and closeness values (Estrada & Bodein 

2008) for each population to reflect the metapopulation topology. 

 

Although connectivity is an important criterion in planning reserve networks (Williams et al. 

2005), we must keep in mind that connectivity represents a single facet of a 

metapopulation’s dynamics, and the ultimate goal of conservation planning is to ensure 

metapopulation persistence across the full suite of species.  The MPA network which 

created the highest connectivity in our modelling (LPER (figure 4-1) with an average degree 

of 98), was not necessarily the most persistent - it was also the interactions between the 

populations on the protected sites that maximised persistence for that dispersal network 

(figure 4-1). The selection of a connected suite of sites was  described by Cerdeira et al. 

(2005)  but without regard to the complexities of metapopulation dynamics. 
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 To model the interactions of multiple species would require a range of network structures 

where each reserve site could potentially function differently (i.e. source/sink, stepping 

stone etc).  As the dispersal distances change (Botsford et al. 2009), potentially  so too will 

the relevant topological model. Conservation planners will need to integrate the multiple 

networks to determine the reserve selection priority. Initially selecting key species groups 

(e.g. broadcast spawning reef fish) that are directly protected by reserve mechanisms may 

be sufficient for many conservation plans.  The mechanisms to combine dispersal networks 

within a conservation planning framework, such as MARXAN (Ball 2000; Beger et al. 2010; 

Watts et al. 2009), are the focus of ongoing research. 

 

In promoting the consideration of connectivity, we are not advocating that planning for 

connectivity should take precedence over other conservation principles (Hodgson et al. 

2009).  It is important to utilise connectivity data in conjunction with other information and 

not as the only design criteria (Beger et al. 2010; Jones et al. 2009; McCook et al. 2009).  To 

include connectivity in conservation planning, data on the dispersal behaviour of important 

organisms must be collected (Botsford et al. 2009).  In the absence of connectivity data, 

conservation planning should proceed by utilising the precautionary principle of treating 

sites or site groups as independent of each other, in other words, as if no connections 

existed, and follow standard planning procedures (i.e. Comprehensive, Adequate, 

Representative) (Stewart et al. 2003) as well as incorporating other objectives such as 

planning for catastrophes (Allison et al. 2003; Game et al. 2008a).  

Identification of the relevant connectivity patterns which then influence the associated 

protection measures is clearly required for designing future MPAs (Mora et al. 2006). This 
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paper creates the theoretical foundations for further exploration of connectivity in the 

realm of conservation planning. 

 

4.5 Conclusions 

There is an ongoing and widespread debate about principles, efficiency and limitations of 

selecting sites for MPA networks.  Although dispersal connectivity between sites is crucial 

for the persistence of species that have a pelagic larval phase, connectivity has only had 

limited impact on real world marine conservation planning (see example for California by 

Kaplan et al. 2009).  Here we present a comprehensive array of dispersal connectivity 

networks in marine environments, from minimal connectivity up to fully connected complex 

systems.  Our results examine the effects of connectivity patterns on the persistence of 

metapopulations in MPA networks that constitute 16% of the total system.  As these 

topological models represent general connectivity patterns, they may be useful when 

considering the general importance and effects of connectivity to conservation planning in 

marine systems.  We show that when planning for persistence of an MPA network, 

regardless of which connectivity topological model is considered, sites should be selected to 

utilise the highly connected regions of the network.  This combination of reserve and non-

reserve sites will create the larval exchange network with the highest probability of 

persistence, as well as imparting benefits to the non-reserved parts of the system. However 

an important qualifier is that the findings presented here are limited by the metapopulation 

model (Kininmonth et al. 2010b) and the optimisation heuristic algorithm. In particular the 

metapopulation model does not include trophic interactions, rescue effects, density 

dependent selection or demographic influences. The hill climb optimisation heuristic was 
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based on random incremental changes and was not necessarily able to find the optimal 

solution for reserve placement.   Despite these limitations our research shows that 

identifying the connectivity pattern from our nine topological models and then prioritising 

the highly connected sites for protection will optimise marine conservation planning efforts.  
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Chapter 5  The small genetic world of Seriatopora hystrix 
 

Abstract 
 

The exchange of genetic information between coral reefs, through the transport of larvae, is critical 

to the function of Australia’s Great Barrier Reef because it determines recruitment rates and 

resilience to disturbance. For many species the genetic composition is not homogeneous and is 

determined, in part, by the character of the complex dispersal pathways that connect the 

populations situated on each coral reef.  One method of measuring these genetic connections is to 

examine the microsatellite composition of individual corals and then statistically compare 

populations across the region. This population similarity measure can then used to estimate the 

connection strengths between each population. We use these connection strengths to create 

complex networks with properties that highlight the nature of coral reef ecology. More specifically, 

we use graph theory to describe and analyse the genetic network of the brooding coral, Seriatopora 

hystrix.  The network, based on determining the parental origin of individual coral colonies, involved 

sampling 2163 colonies from 47 collection sites and examining 10 microsatellites. A dispersal 

network was created from the genetic distance DLR values that measure the genetic similarity of 

each population (defined by the local sampling effort) to every other sampled population based on 

the microsatellite composition.  Graph theory methods show that this network exhibited long 

distance links and population clustering. This pattern is commonly referred to as a small-world 

network on the basis that the sites are highly connected across a large region. Comparison with a 

hydrodynamic network indicates that the genetic population network topology is similar. This 

approach shows the genetic structure of the S.hystrix coral follows a small world pattern which 

supports the results derived from hydrodynamic modelling. 
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5.1 Introduction 
 

The exchange of genetic information between reefs, through coral larvae exchange, is fundamentally 

important for the function of the Great Barrier Reef (GBR) (Ayre & Hughes 2004; Hughes et al. 1999). 

Recruitment rates and resilience to disturbances are influenced by the migration of coral larvae that 

either settle locally or are transported across large distances (van Oppen & Gates 2006). However 

the marine environment is not always favourable for coral growth and coral reefs are subject to 

natural disturbances which alter the community composition (Wakeford et al. 2008). In addition to 

natural disturbances, the rates and severity of anthropogenic disturbances, such as climate change, 

overfishing and coastal development (Hughes et al. 2003), are continuing to increase (De'ath et al. 

2009; Gardner et al. 2005). In theory, high gene flow through larval connectivity could promote 

resilience and recovery in coral and their accompanying zooxanthellae following disturbances (Game 

et al. 2008b; Hughes et al. 2003; van Oppen & Gates 2006). Measuring and understanding this 

complex network of gene flow is critical for conservation efforts (Cowen et al. 2002).  

Due to the difficulties in measuring larval exchange by direct means (Palumbi 2003), connectivity 

research is heavily reliant on hydrodynamic simulations (James et al. 2002; Werner et al. 2007). 

While the models have become more sophisticated in recent years (Legrand et al. 2006; Luick et al. 

2007) the simulations of larval movements are limited by issues of spatial scale and how individual 

larvae behave (Baums et al. 2006). Critically, the interest in population connectivity is not limited to 

just the transport of larvae but also includes settlement success and juvenile mortality (Mumby 

1999; Possingham & Roughgarden 1990). Hydrodynamic models therefore only reflect part of the 

recruitment process. 

An alternative method of measuring the dispersal between distant reefs is to examine the genetic 

composition of individual corals in a number of localities in a region and then use the statistical 

analysis of relationships to infer connectivity across that region (Hellberg 2007; Underwood et al. 
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2007; van Oppen et al. 2008). DNA markers, like microsatellites, have sufficient variability to analyse 

how individuals relate to the sampled populations (Pritchard et al. 2000) yet the allele proportions 

are not distorted by local selection pressures. This has the advantage of informing us about the 

ultimate recruitment pattern (instead of that inferred by larvae movement). 

Calculating the genetic distance between populations provides a mechanism to measure the 

likelihood of interbreeding between migrants and established individuals. The FST metric commonly 

used to describe genetic differentiation implies that when two populations are not significantly 

different (i.e. FST <0.01) that high levels of genetic exchange have occurred previously. Another 

measure, denoted by DLR , is the mean genotype log-likelihood ratio across individuals from the two 

populations (Paetkau et al. 1997). DLR was found to differentiate fine scale population structure with 

high levels of confidence in empirical studies by Paetkau et al (1997) and Underwood (2009). 

This chapter describes the network created using the genetic analysis, by van Oppen et al (2008), of 

the brooding pocilloporid coral Seriatopora hystrix Dana 1846.  S. hystrix is a common coral in many 

parts of the world (Veron 2000) despite being a predominantly self recruiting species. The life history 

of S. hystrix, in which eggs are fertilised internally and then released at an advanced developmental 

stage, ensures that larvae can settle within hours to days and this limits long distance dispersal (Ayre 

& Dufty 1994; Underwood et al. 2007).  The majority of larvae settle within 100 metres of the natal 

colony but a small percentage (2-6%) are successful in moving large distances (Underwood et al. 

2007). The larvae are equipped with maternal zooxanthellae and could exist for many weeks in the 

water column (Underwood et al. 2007). Given the velocity of the currents within the GBR (James et 

al. 2002; Luick et al. 2007), settlement at distant reefs is conceivable.  

We use the results of the population differentiation analysis to construct a network of nodes and 

lines. A connecting line can be formed from the centroid of the polygon containing the possible natal 

population to the centroid of the polygon containing the population where the migrant was found. 

The lines and centroids can then be used to construct a network.  The analysis of this network can 



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

97 
 

utilise graph theory concepts and methods (Steuer & Lopez 2008). Graph theory is described in 

sections 2.2 and 3.6 and is experiencing a resurgence due to its successful application in complex 

systems (Green & Sadedin 2005) including ecology (Urban & Keitt 2001).  In particular we 

(Kininmonth et al. 2010a, chapter 2) have already discovered that, based on hydrodynamic models, 

the Great Barrier Reef has a topology that can be described as “small world”.  The question remains 

– does this same result hold true at a regional scale, for a particular species, where the connections 

are determined using genetic information. 

Graphs that have a high level of clustering and short path lengths compared with random or regular 

lattices are known as ‘small world’ graphs (Watts & Strogatz 1998). Small-world topology increases 

the connectivity of vertices, effectively making the network smaller, in terms of interactions, than a 

random or regular one. Clusters connected by longer links enable any point in the network to be 

located a small number of links from any other point and this forms the basis of Stanley Milgram’s 

six degrees of freedom (Milgram 1967) for the network describing human social interactions 

(Barabasi 2002).  

We derive the S. hystrix network and compare it to nine archetypal networks (table 5-1). We then 

answer the following questions: What is the topology of the genetic distance network? What is the 

cluster structure within this topology?   

 

5.2 Methods 
 

In this section the construction and analysis of the network created by assigning individuals to a 

collection of surveyed populations of Seriatopora hystrix will be described.  We begin by describing 

the raw data and specimen collection process. 
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van Oppen et al (2008) collected fragments from 1025 S. hystrix colonies from 22 sites across the 

Great Barrier Reef and Coral Sea between March 2003 and February 2005. This sample set was later 

extended, during the years 2005 to 2006, to a total of 47 sites (Figure 5-1) (M. van Oppen, 

unpublished data). From each of these samples the genotypes at ten microsatellites were 

determined. The 36 to 54 samples collected at each site were contained within a 100 metre2 area, 

consistent with the dispersal studies of S. hystrix (Underwood et al. 2007).   

 

Figure 5-1 Map of the genetic survey sites (solid blue circles and labelled where feasible). 
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The microsatellite composition formed the basis for quantifying the relationship among sites. 

Following the methodology described by Underwood (2009) the genotype likelihood ratio distance 

(Paetkau et al. 1997),  DLR , was calculated by Dr Jim Underwood using the online calculator Doh 

(Brzustowski 2002).  For each combination of paired populations a DLR value was calculated.  S. 

hystrix is a common species known to occur across the region (Veron 1986) and therefore many 

populations were not sampled. Hence the DLR value is a measure of how two populations are related 

irrespective of the number of intermediate populations that may have contributed to the 

connectivity.   

The DLR values were transformed into graphs using tools created with the igraph package (Csardi & 

Nepusz 2006) within the R environment (http://cran.r-project.org). The probabilities provided by the 

genotype likelihood ratio distance  (DLR ) are taken to indicate the strength of connection. The line 

then has the attributes of connection strength, physical distance but not the direction of flow.  

 

Table 5-1. Networks used for comparison. Vertex number is denoted by N.  

 

Network Construction method Parameters for Null Model 

Geometric First a number of points are dropped on to a unit square, then 

two points will be connected with an undirected edge if they are 

closer to each other in Euclidean distance than a given radius 

(Csardi & Nepusz 2006). 

N=47,  

radius =0.24, torus=TRUE 

Forest Fire  This network model resembles how a forest fire spreads by 

igniting (connecting) trees close by (Leskovec et al. 2007).  

Vertices are added sequentially and edges are created with 

respect to the neighbouring configuration. 

N=47, forward 

probability=0.39, 

backward burning 

ratio=0.32/0.37, 

Directed=FALSE 

http://cran.r-project.org/
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Watts Strogatz First a lattice is created with the given dimension, final 

size and neighbourhood size arguments. Then the 

edges of the lattice are rewired uniformly randomly with set 

probability (Watts & Strogatz 1998). 

Dimension of starting 

lattice =1, N=47, 

neighbourhood =5, 

rewiring probability 

=0.00,0.02, 0.05, 0.1 

Barabasi-Albert 

scale free model 

One vertex is added in each time step and edges are then created 

to link existing vertices with a scale free probability, 

( )P k k 
(Barabasi & Albert 1999) where k is the degree 

and    is a constant. 

N=47, preferential 

attachment power = 1, 

number of edges to add in 

each time step  = sqrt(47), 

directed = FALSE 

Star This algorithm creates a star graph, in which every single vertex 

is connected to the centre vertex and no other (Csardi & Nepusz 

2006). 

N=47, mode ="undirected" 

Lattice This pattern is represented by a lattice of 2 dimensions 

composed of a replicating set of four vertices joined in a square 

(Csardi & Nepusz 2006) 

Dimensions of 

lattice=sqrt(N=47) by 

sqrt(N=47)) 

Erdos Renyi 

Random 

Initially the vertices are created then the set number of edge are 

allocated randomly (Erdos & Renyi 1959) 

N=47, number of 

edges=230 

Tree This model is based on a regular tree with 3 edges connecting 

the ‘child’ neighbours. The direction of the edges are set to flow 

from child to parent vertices like a river network (Csardi & 

Nepusz 2006). The central vertex is the final destination or 

‘sink’ of this flow model. 

N=47, children = 3, 

mode="undirected" 

Complete This graph has every node connected to every other node. 

(Csardi & Nepusz 2006) 

N=47, directed = FALSE, 

self loops = FALSE 
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We addressed the initial question, is the genetic exchange of Seriatopora hystrix within the GBR a 

small-world network, in the following manner. The values of average minimum path length (L), 

average degree ( <k>) and cluster coefficient (CI ) were analysed for the network created by the 

individual exchange of S. hystrix and compared with nine kinds of graph all of the same size (47 

nodes), each created using a different process (table 5-1). While the nine comparison networks have 

defined algorithms for construction it should be noted that the parameter selection will determine 

the topological outcome. For this comparison every network had a size of 47 vertices and the 

linkages were undirected.  

The question of the clustering structure is addressed by examining the cluster membership of the 

S.hystrix network. We utilise the leading eigenvector algorithm by Newman (Newman 2006b) to 

derive the clusters that form the basis for the small world topology.  This algorithm implemented 

using the igraph library in R (Csardi & Nepusz 2006) utilises a modularity function to optimise the 

number and membership of clusters. However since the S.hystrix network is fully connected with 

weighted edges we needed to discard the weaker edges until the network showed optimal 

modularity  whilst remaining connected (see method in Kininmonth et al. 2010c; chapter 6).  The 

membership of each cluster can then be displayed. 

5.3 Results 
 

What is the topology of the genetic exchange of S. hystrix network? The genetic survey sites (figure 

5-1) using the DLR values were used to create a fully connected unidirectional network containing 47 

vertices and 1081 edges (figure 5-2). The edge weight distribution is also shown in figure 5-2. The 

weight value is based on the genetic distance and so small DLR values indicate that the populations 

are genetically similar.  The histogram shows that only a small number of edges (<130) have  low DLR 

values (<5).  
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Figure 5-2 Histogram of the edge weight distribution and network of the DLR linkages showing the 

fully connected structure. 

In order to investigate the dominant topology we removed the weaker edges (higher DLR values) 

sequentially and recorded the cluster coefficient and the average minimum path. The value of these 

metrics changes as the weaker edges are removed (figure 5-3). Comparing to a selection of null 

models (table 5-1) figure 5-3 shows the topology shifts towards the small world models constructed 

by the Watts-Strogatz and Geometric algorithms.  
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Figure 5-3 A plot of how the genetic network of S. hystrix (open circles) changes as weaker 

connections are removed, and how it compares with the nine network models (table 1 – closed 

circles). Edges with weights greater than the threshold (selected thresholds =1.0 (dlr 1.0), 1.4 (dlr 

1.4), 2.2 (dlr 2.2), 4.7 (dlr 4.7), 9.1 (dlr 9.1), 14.8 (dlr 14.8)  ) were removed. The fully connected 

network is in the far right (same as ‘complete’ model) and the network with most edges removed 

(dir 1.0) is in the far left. 

To investigate the community structure of the genetic network we used the optimum modularity 

value (figure 5-4) to select the threshold that best defines the network modules. This point can be 

observed in figure 5-4  where only 307 edges remained with weights less than 9.1 (figure 5-5). There 

was one connected component (connected section of network) and two isolated populations 
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(Osprey Reef and Ribbon Reef 53). Removing edges below this threshold quickly fragments the 

network (figure 5-4). Based on this edge threshold of 9.1 (modularity = 0.45 for 3 components) the 

network has a cluster coefficient of 0.76 , a average minimum path length of 2.2  and an average 

degree of 13.0.  

 

 

Figure 5-4 Plot of the modularity per component as the edge weight threshold is changed from 40 to 

0, effectively removing the weaker edges (note:high edge weight=high DLR value=weakly associated 

populations). The lines indicate an optimal modularity of 0.45 (components = 3 ) at a threshold edge 

weight of 9.1. 

Given these graph theory metrics, let us first consider how this network compares to the 

hydrodynamic small-world networks of the GBR (Kininmonth et al. 2010a).  Kininmonth et al. (2010a) 

showed that the larval dispersal network of the GBR over the 30 year period has a average minimum 

path length between 2.2 and 3.9 with an average degree ranging from 67 to 128 (noting that the 

number of nodes was 321 so the average density of connection was 0.32). This makes the GBR 

hydrodynamic network similar to the genetic network presented here (average degree of 13 with 45 

nodes equals a density of 0.28, average minimum path length = 2.2). However the cluster coefficient 
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values differ with the hydrodynamic network ranging from 0.26 to 0.31 while the genetic network 

was 0.76. This indicates that the genetic network contained relatively more triangular loops than the 

hydrodynamic network (adjusted for directional links) implying higher clustering at a local scale.   

 We compared the nine null models (table 5-1, figure 5-3) to the S. hystrix network (at 9.1 or less 

edge weight). The S. hystrix network was more clustered but with a similar average minimum path 

length than the small world models based on the Geometric and Watts Strogatz algorithms. The S. 

hystrix network has a smaller average minimum path length than the Forest Fire model but larger 

than the Erdos Renyi and Barabasi Albert models. This highlights the relative proportion of long 

distance connections that serve to reduce the path length. The Tree, Lattice and Star models have no 

triangular clusters but the S. hystrix network has a average minimum path length half way between 

the Star and Lattice models. This implies that the S. hystrix network topology is not based on a 

simple diffusion model of propagule dispersal but also contains longer distance dispersal from 

currents.  

The number of clusters for the S. hystrix network was found to be 3 (figure 5-5) when optimised for 

the modularity and based on the eigenvector algorithm. The relationship of the cluster membership 

to the geographic position is not clearly defined but there are broadly northern, central and 

southern groups. In particular for the green cluster some central reefs (Myrmidon, Davies and 

Broadhurst) are associated with the northern outer reefs such as the Ribbon reefs.  The red coloured 

cluster includes reefs that are in the middle section of the GBR and extend from Heron Island to 

Lizard Island.  The blue cluster is exclusively composed of southern reefs including those at a latitude 

of 30 degrees south. 
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Figure 5-5 Display of the genetic network with edges greater than 9.1  removed showing the cluster  

structure with 3 components (green, red, blue). Osprey Reef and Ribbon Reef 53 are not shown as 

they are not connected at this threshold level. 

 

5.4 Discussion 
 

We have discovered that the S. hystrix larval exchange network, as determined by genetic 

relatedness, for the southern half of the Great Barrier Reef, exhibits a small-world pattern. This is 

consistent with our analysis of the connectivity properties of the GBR which did not relate to any 

specific species and inferred connectivity using hydrodynamic data only (Kininmonth et al. 2010a). 

The small world topology of the S. hystrix genetic network implies that the S. hystrix  populations are 

resilient to local and mesoscale disturbances.  In particular the recovery from severe disturbance for 
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any particular site will be largely determined by the site’s location in the larval dispersal network. 

Underwood et al. (2009) found that limited recruitment dramatically reduced the recovery of reefs 

following severe disturbance. If a region is severely impacted by bleaching, like the 2001/2 event 

(Berkelmans et al. 2004), then migrating larvae will need to arrive via the long distance water 

currents rather than the nearby clusters.  With a average minimum pathway length of 2.2, larvae 

from distant reefs in the GBR (with potentially a more robust suite of alleles (van Oppen & Gates 

2006)) could arrive in less than 3 migration events. This property of being closely connected to 

distant nodes through intermediate clusters is typical of small-world networks. At a larger scale, 

Treml et al (2008) used an Eulerian advection–diffusion approach to measure connectivity across the 

Pacific reefs and found that the population clusters could be weakly connected by long distance 

migration. Our research supports this perspective that coral and fish can be connected as a 

mesoscale metapopulation. 

The S.hystrix genetic network could be described as three clusters but what does this really imply? 

Allocating each sample population into an artificially defined grouping based solely on the 

microsatellite composition of the individual colonies has the power to describe the character of the 

metapopulation dynamics. For a brooding coral, such as S.hystrix, the strongly defined clusters 

highlight the recruitment processes being predominantly local (Underwood et al. 2009) but with 

occasional long distance events. These clusters, as defined in figure 5-5, have a higher density of 

connections within the cluster then between the clusters. In many respects this relationship is a 

direct function of the physical location of the reefs within a complex hydrodynamic matrix. The far 

southern reefs such as Middleton, Elizabeth and Lord Howe (figure 5-1) rely on strong currents to 

sweep the larvae across approximately 1000 kilometres of open ocean (Noreen et al. 2009). The 

linkages between the southern cluster and the two GBR clusters highlight the fragile and infrequent 

bonds within the metapopulation especially in comparison to the bonds between the northern and 

central clusters. However this cluster model challenges the latitudinal and cross-shelf orientated 

divisions that presently group the GBR (Kerrigan et al. 2010).  Instead the dense matrix of coral reefs, 
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that give support to the name Great Barrier Reef, provides a highly interactive environment for 

complex metapopulation dynamics.  The GBR as a resilient source of larvae also supports the more 

isolated neighbouring coral reefs (Treml et al. 2008). 

Determining where to sample, in a project such as this, requires a particularly difficult balance of 

resources and scientific focus. Sampling many populations in a small region will provide insight into 

the clustering character for S. hystrix but will be ineffective in understanding the long distance 

dispersal events. Ayre and Dufty (1994) found in their genetic sampling of S. hystrix in the GBR that 

each reef forms discrete populations that are infrequently linked by migration.  The lagoonal sites, 

with minimal access to strong currents, tend to be genetically different to those in exposed locations 

(Ayre & Dufty 1994; Underwood et al. 2007; van Oppen et al. 2008). At a regional scale, sampling the 

populations that are isolated from the main reef complex, such as Osprey Reef (figure 5-1), highlight 

significant genetic distinctiveness (Noreen et al. 2009; van Oppen et al. 2008). Sampling within the 

strongly connected clusters such as the mid-shelf reefs (i.e. Emily, Tongue and Sudbury Reefs), focus 

on populations with strong multiple connections to populations in the region.  Stratified sampling, 

informed by the dispersal network (inferred from hydrodynamic modelling), will highlight the 

metapopulation structure. 

The characterisation of the network as a larvae exchange system depends on more than just the 

topology but also includes the rate of exchange between populations.  The strength of connection is 

a significant parameter used to model metapopulation dynamics (Armsworth 2002; Roughgarden et 

al. 1988b). However gauging the strength of larval exchange through field based surveys is a 

particularly difficult task (Jones et al. 2005; Palumbi 2003).  Empirical data are often lacking for the 

survival rate of each development stage for the migrating individuals and estimation of larval 

transport is only a small component of the metapopulation dynamics (Armsworth 2002).  

The power of a genetics study, such as this one, is that it provides information about real historical 

connections as determined by the genetic information in individuals. In contrast, measuring the 
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water currents with a variety of instruments, and then translating this to Lagrangian particle 

movements, requires the acceptance of many assumptions known to be false or misleading. For 

instance in the GBR reef connectivity study by James et al (2002) larvae were released uniformly as a 

function of reef edge. The GBR reefs are complex structures with structural features resulting from 

wave and current influences (Hopley 1982) and species, like S. hystrix, will not be uniformly 

distributed (Veron 1986).  

While genetic studies, require considerable field work and expensive analytical capacity the 

empirical data derived  can directly target the key questions relating to metapopulation dynamics 

(Hellberg 2007). How strongly connected are sites at a variety of scales? What influence does 

migration have on recovery after disturbance? Where should conservation efforts be focused in 

order to enhance the resilience of the coral and fish metapopulations?  

The apparent high level of connectivity raises the question that if the S. hystrix larval exchange is a 

well connected small-world network then why is there such high genetic differentiation between 

populations? Despite the exploration of the mesoscale genetic structure of coral being in its infancy 

we present the following hypothesis: local scale disturbances regularly reduce the relatively 

homogenous self-seeded populations (in both colony number and fecundity (Hughes et al. 2000; 

Wakeford et al. 2008)), resulting in an increase in the effective recruitment rate of migrant larvae 

where the rate is  a function of the neighbourhood dispersal topology. Importantly, the migration 

rate is a function of the inclusion within the heterogeneous larval exchange network.   

This analysis has implications for coral reef system management.  Conservation of regional 

biodiversity will be enhanced by the identification and protection of the reefs that maintain the 

established network (Almany et al. 2009).  Protection measures, like marine protected area 

networks, will be more effective if focus is directed to reefs that provide source larvae, act as 

stepping stones linking distant clusters or are isolated (Kininmonth et al. 2011; Palumbi 2003). 

Increasingly the emphasis for conservation is on the establishment of long term measures to ensure 
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the persistence of populations in the face of catastrophes (Game et al. 2008a; Game et al. 2008b) 

and anthropogenic pressures (Lubchenco et al. 2003).  Only by understanding the role of each 

population within the framework of dispersal related resilience can conservation measures hope to 

be successful (Beger et al. 2010; Hodgson et al. 2009).  
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Chapter 6  Determining the community structure of the coral 

Seriatopora hystrix from hydrodynamic and genetic networks 
 

Kininmonth S, van Oppen M, Possingham H (2010c) Determining the community structure of 
the coral Seriatopora hystrix from hydrodynamic and genetic networks. Ecological 
Modelling, 221:2870-2880 

Abstract 
 

The exchange of genetic information between coral reefs through the transport of larvae can be 

described in terms of networks that capture the linkages between distant populations. A key 

question arising from these networks is the determination of the highly connected modules 

(communities). Communities can be defined using genetic similarity or distance statistics between 

multiple samples but due to limited specimen sampling capacity the boundaries of the communities 

for the known coral reefs in the seascape remain unresolved.  In this study we use the microsatellite 

composition of individual corals to compare sample populations using a genetic dissimilarity 

measure (FST) which is then used to create a complex network. This network involved sampling 1,025 

colonies from 22 collection sites and examining 10 microsatellites loci. The links between each 

sampling site were given a strength that was created from the pair wise FST values.  The result is an 

undirected weighted network describing the genetic dissimilarity between each sampled population. 

From this network we then determined the community structure using a leading eigenvector 

algorithm within graph theory. However, given the relatively limited sampling conducted, the 

representation of the regional genetic structure was incomplete. To assist with defining the 

boundaries of the genetically-based communities we also integrated the communities derived from 

a hydrodynamic and distance based networks. The hydrodynamic network, though more 

comprehensive, was of smaller spatial extent than our genetic sampling. A  Bayesian Belief network 

was developed to integrate the overlapping communities.  The results indicate the genetic 
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population structure of the Great Barrier Reef and provide guidance on where future genetic 

sampling should take place to complete the genetic diversity mapping.   

6.1 Introduction 
 

The exchange of genetic information, through coral larvae exchange, is fundamentally important for 

the function of the Great Barrier Reef (Ayre & Hughes 2004; Hughes et al. 1999). Recruitment rates 

and resilience to disturbances are influenced by the migration of coral larvae that either settle locally 

or are transported across large distances (van Oppen & Gates 2006). However the marine 

environment is not always favourable for coral growth and coral reefs are subject to cyclic natural 

disturbances which shape the community composition (Wakeford et al. 2008). Understanding the 

broad scale boundaries of the communities defined by genetic grouping can assist the development 

of  appropriate management strategies (Kerrigan et al. 2010; Lubchenco et al. 2003). Reserve design 

informed with the knowledge of the genetic diversity and the larval exchange processes can 

optimise the persistence of marine species. 

Due to the difficulties in measuring larval exchange (Palumbi 2003), connectivity research is heavily 

reliant on hydrodynamic simulations (James et al. 2002; Werner et al. 2007). While the models have 

become more sophisticated in recent years (Legrand et al. 2006; Luick et al. 2007) the simulations of 

larval movements are limited in scale, sensitivity testing and behavioural responses (Baums et al. 

2006). Critically, understanding population connectivity is not limited to just the transport of larvae 

but also includes settlement success and juvenile mortality (Mumby 1999).  Tracing the natal 

colonies of individuals that have successfully established is paramount to understanding the 

structure of marine metapopulation dynamics. A metapopulation is characterised by the extent that 

the dynamics of local populations are influenced by a nontrivial external replenishment of larvae 

across a range of spatial scales and are therefore  strongly dependent upon local demographic 

processes (Kritzer & Sale 2004).  



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

113 
 

 

An alternative method of measuring the metapopulation structure is to examine the genetic 

composition of individual corals in a small locality and then statistically compare sample populations 

across the region (Hellberg 2007; Underwood et al. 2007; van Oppen et al. 2008). DNA markers, like 

microsatellites, have sufficient variability to analyse how individuals relate to the sampled 

populations (Pritchard et al. 2000) yet the allele proportions are not expected to be distorted by 

local selection pressures. The microsatellite composition of each individual can be used as the basis 

for determining the linkages between populations (Arens et al. 2007). Any individual can 

theoretically be associated with all of the populations in the sample, albeit with a very small 

probability. One approach is to find the individuals that do not seem to originate from the local 

population using exclusion tests. However these exclusion tests are limited by the genetic diversity 

present in, and divergence among, the metapopulation. If several populations are genetically similar 

then migrants will not be correctly identified if they cross from one population to another (Piry et al. 

2004).  The FST metric, commonly used to describe genetic differentiation, implies that when two 

populations are not significantly different (i.e. FST =0) that high levels of genetic exchange have 

occurred previously. Each sampled population pair can then be assigned a FST weighting as a 

measure of their connectedness.  

These connections create complex networks with properties that highlight the nature of coral reef 

ecology. Brooding corals will have reduced dispersal capabilities compared with broadcasting coral 

species (Ayre & Hughes 2000) and this enables finer spatial resolution of the dispersal patterns. Each 

species is likely to have particular dispersal properties across a range of scales (Kinlan et al. 2005) 

and more research is required to understand the comprehensive metapopulation dynamics (Cowen 

et al. 2002). 
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This paper describes the network created from the genetic analysis of the brooding pocilloporid 

coral Seriatopora hystrix Dana 1846 by van Oppen et al (2008). S. hystrix is a common coral in many 

parts of the world (Veron 2000) despite being a predominantly self recruiting species. The life history 

of S. hystrix, in which eggs are fertilised internally and then released at an advanced developmental 

stage, ensures that larvae can settle within hours to days and this tends to limit long distance 

dispersal (Ayre & Dufty 1994; Underwood et al. 2007).  The majority of larvae settle within 100 

metres of the natal colony but a small percentage (2-6%) are successful in moving large distances 

(Underwood et al. 2007). The larvae are equipped with maternal zooxanthellae and could exist for 

many weeks in the water column (Underwood et al. 2007). Given the velocity of the currents within 

the GBR (James et al. 2002; Luick et al. 2007), settlement at distant reefs is conceivable.  

The use of hydrodynamics to inform the dispersal processes in marine systems is an established and 

expanding research field (Knights et al. 2006; Luick et al. 2007). While modelling across the regional 

scales and complexity of the Great Barrier Reef requires the acknowledgement of limiting 

assumptions (such as the resolution of the digital elevation model) the capacity to understand the 

underlying processes is compelling.  

The results of the population differentiation analysis can be used to construct a network of nodes 

and edges (Fortuna et al. 2009). A connecting edge can be formed from the centroid of the possible 

natal population to the centroid of the population where the migrant was found. The edges can then 

be combined to construct a network (or ‘graph’ in mathematical disciplines).  The analysis of this 

network can utilise graph theory concepts and methods (Dorogovtsev 2010; Steuer & Lopez 2008).  

While there is significant interest in the role played by individual reefs in the regional dispersal 

process, the key focus for conservation planners is the ‘community’ (Garcia-Charton & Perez-Ruzafa 

1999; Kerrigan et al. 2010). Genetically this can be defined as a set of local populations that are more 

similar in their microsatellite composition than compared to the  wider metapopulation (Fortuna et 

al. 2009). This loose definition can also be adapted to networks describing the interconnected nature 
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of the populations. Using graph theory, a community based on dispersal processes can be described 

as a set of populations that are more connected through dispersal to each other than to the 

remaining populations. The differentiation of communities within a network has been vigorously 

pursued over recent years and a range of methods exists to automatically find the network’s 

subunits (Fortunato 2010).  

One method that produces consistently good results was developed by Newman (Newman 2006a; 

2006b) and is based on optimising a benefit function called modularity (Newman & Girvan 2003). 

Modularity can be defined as: 

Q = (number of edges within communities) − (expected number of such edges) (Newman 2006a) and 

can be optimised for a range of community detection algorithms.  For the present study we chose 

the leading eigenvector algorithm (Newman 2006a), as implemented in igraph (Csardi & Nepusz 

2006). The result is a set of communities that are optimised for the network structure being 

examined.  Recent advances  have extended the analytical capacity from undirected networks to 

weighted directional networks (Leicht & Newman 2008) . 

A leading question, in the context of metapopulation dynamics, is how to resolve the boundaries of 

the genetically based communities when sampling is sparse? One possible approach is to use the 

hydrodynamic communities as a surrogate for the population structure. One limitation to this 

approach is that the Lagrangian particle model developed by James et al (2002) considers the coral 

reef as a single uniform entity from which coral is released as a function of the external boundary. 

This ignores the substantial lagoon structure that dominates many coral reefs (Hopley 1982). The 

genetic samples were taken in both the lagoons and the reef crests and the role of geomorphology 

and the hydrodynamics was apparent (van Oppen et al. 2008). Modelling limitations aside, the 

capacity for hydrodynamic based dispersal models to inform the inter-population connections, and 

hence the overall metapopulation structure, is worth investigation.  



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

116 
 

 

Comparing communities developed from the hydrodynamic networks to those created from the 

genetic FST statistics is not a trivial exercise. The size and membership of each set of communities are 

influenced by the selection of threshold values that exclude the ‘weaker’ edges. When the nodes are 

fully connected to each other the community sorting algorithms will identify only one large 

community. If the threshold is such that few edges remain then the communities will be solitary 

nodes and be uninformative. Comparing the disparate communities is possible using a conditional 

probability framework such that the membership of one community can change our expectation (i.e. 

belief) of the structure of another community given the evidence collected so far. Bayesian Belief 

Networks (BBN) adopt a graphical approach to help characterise the inferential structure (i.e. 

conditional probabilities)  that exist between variables under consideration (Jensen 2001). This 

approach which combines graph and probability theory seeks to manage uncertainty and complexity 

within the modelling environment.  The use of BBN in ecology is established as a mechanism of 

informing dependencies despite a paucity of data (Borsuk et al. 2002; Wooldridge & Done 2003).   

There are two key principles in operation within a BBN. The first is Bayes rule whereby the 

probability that a variable is in a certain state is dependent on the state of another variable or in 

symbols; 

P(a|b) = P(b|a)*P(a) / P(b) where a and b are the states of variables A and B respectively. The second 

principal is the chain rule which is able to depict the joint probabilities; P(A,B)=P(B|A)P(A). This is 

useful for BBN since the structure of the graph (i.e. edges connecting nodes) describes the 

conditional probabilities (P(B|A)). Once the BBN is constructed then the conditional probability table 

for each variable can be updated based on the available evidence. Given the state of a variable in the 

BBN the state of any other variable can be calculated. This ‘calibrated’ BBN then enables 

probabilistic predictions of the ‘most likely’ state of an unmeasured variable given the state of the 

other variables within the network.  
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6.2 Methods 
 

In this section we describe how the genetic data was collected, transformed into a graph theoretical 

structure, and resolved into communities. We then detail the creation of the hydrodynamic and 

distance based networks and the subsequent community structure. The final section explains the 

integration of the genetic and hydrodynamic communities using a Bayesian Belief Network 

approach. 

6.2.1 Genetic data collection 

 

In this section the construction and analysis of the network created by assigning individuals to a 

collection of surveyed populations of Seriatopora hystrix will be described. Van Oppen et al (2008) 

collected fragments from 1025 S. hystrix colonies from 22 sites across the Great Barrier Reef and 

Coral Sea between March 2003 and February 2005. From each of these samples the genotypes at 10 

microsatellites were determined. The 36 to 54 samples collected at each site were contained within 

a 100 metre2 area, consistent with the dispersal studies of S. hystrix (Underwood et al. 2007).  This 

study uses the results of a FST  test  by van Oppen et al. (2008) to examine genetic differentiation of 

populations across the region. S. hystrix is a common species known to occur across the region 

(Veron 1986) and therefore many populations were not sampled. However these FST probabilities 

can be used to indicate the likelihood that a sampled population has received recruits from another 

sampled population during some previous larval dispersal event.    

6.2.2 Genetic network creation 

 

The results of the FST were transformed into graphs using the igraph package (Csardi & Nepusz 2006) 

in the R environment (http://cran.r-project.org/). Each population (22) is represented by a vertex. 

Initially a connecting edge is created between each vertex to every other vertex. These edges have a 
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weight attribute which is then updated from the FST adjacency matrix. The resulting S. hystrix 

population genetic network is an undirected weighted graph (figure 6-1). 

 

Figure 6-1. The genetic network with only the edges less than  0.065 present, showing the 

communities (colour coded; Table 6-1) identified by leading eigenvector algorithm. Map showing the 

spatial location of the genetic sampling sites. 

 

6.2.3 Genetic community creation 

 

There are a myriad of methods that will assemble a network into a set of communities (Fortunato 

2010). We settled on the eigenvector method by Newman (2006a)  since this produces communities 

that appear to be consistent with our expectations and with a resolution appropriate to the genetic 

data complexity. The current method is based on maximising a modularity benefit function using 
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eigenvectors to determine the community division and composition (see Newman (2006a) for a 

complete description). Since our genetic network is a weighted graph we needed to determine the 

optimum threshold value used to remove the ‘weaker’ connections (high FST values) between 

populations. Maximising the modularity function across the complete spectrum of values was used 

to select the threshold point where the community structure was most distinct. However we sought 

to balance a compromise between the number of connected components and the optimum 

modularity value. Threshold values were decreased from a maximum value, whereby all edges were 

retained, to a minimum value resulting in a fully disjointed network. For each threshold increment 

the community structure was determined with an optimum modularity value. The peak maximum 

modularity value per component (figure 6-2) was then used to select the threshold value used in 

determining the community structure. 

6.2.4 Hydrodynamic community creation   

 

The emergence of simplified tools to create particle transfer models based on public domain 

hydrodynamic models (Condie et al. 2004) has led to the rapid growth of connectivity based studies 

(eg. Treml et al. 2008). Here we use the Lagrangian particle dispersal model for the Cairns section of 

the GBR for the years 1967 to 1998 developed by James et al (2002). This model uses discrete time 

steps to move particles within a dynamic 2D environment, containing 321 discrete coral reefs, with 

some basic life characteristics such as mortality and settlement behaviour. The result is a matrix 

detailing the success of particles to move between a source and settle reef.  The values within the 

matrix represent the probability that larvae will move from one reef to another but there is no 

adjustment for settlement success. This matrix, often referred to as an adjacency matrix, is used to 

create edges between coral reefs (depicted as vertices) with a weight determined by the transfer of 

particles. The resulting set of networks are described in Kininmonth et al.(2010a). Since our focus is 

on the hydrodynamic events across several decades rather than a single year we combine the 32 

years of adjacency matrices for a given set of dispersal parameters. This creates a single network 
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with 321 vertices connected by all the edges that were created across the 32 years. Where edges 

were duplicated the edge weights were summed thus retaining only one edge between connected 

individual coral reefs. 

Using the same community differentiation method as described above for the genetic network we 

defined the modularity values across a complete range of edge weight thresholds. In a similar 

manner to the genetic network we discovered a peak modularity value per component. There is a 

trade off between optimising the modularity value and the number of participating coral reefs in the 

community structure. As the threshold increases and ‘weaker’ edges are removed, isolated reefs are 

disconnected from the community structure. Since our aim was to maximize the overlap between 

the genetic and hydrodynamic networks we attempted to retain as many participating coral reefs as 

possible. Based on the modularity values for the range of threshold values we chose a threshold 

peak value and developed the communities for the reduced network. 

6.2.5 Distance based community creation 

 

While the hydrodynamic models are informative the assumptions and limitations inherent in the 

model implore the comparative use of a simple distance based model. We generated a complete 

network where every coral reef that constitutes the hydrodynamic model is linked to every other. 

The weight was assigned to each edge based on the Euclidean distance between coral reef polygon 

centroids. For this resulting network the peak modularity per component was measured and the 

community composition was assigned based on the leading eigenvector algorithm.  

6.2.6 Community comparison using BBN 

 

At this stage we had identified sets of communities derived from hydrodynamic modelling, distance 

based linkages and population genetics. The next task was to characterise the statistical likelihood 

that a reef belonging to a particular genetic community also belongs to a described hydrodynamic 
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and distance based community. Since the communities did not have coincident boundaries due to 

the varied approaches of the community creation process we adopted a Bayesian Belief approach. 

We created a Bayesian Belief Network and then updated the conditional probability tables (a matrix 

of parameters and corresponding conditional probabilities) using the community membership of 

each coral reef for the different community types. The BBN model design included the three 

network types described above but other proxy data sets, that are relevant to the formation of the 

genetic communities, could be included in the future.  Where there is no evidence for the state of a 

particular coral reef, such as a complete lack of genetic sampling within the relevant hydrodynamic 

community, then the BBN will show the likelihood as the complete distribution of the genetic 

sampling. Only the membership identity of each coral reef for each network type is utilised in the 

BBN and topological characteristics between communities are not measured. Graph theoretic 

metrics of the community network, such as centrality and betweenness, might be informative to 

include in future research.  Unfortunately given the extent of the genetic sampling, we did not have 

sufficient data to conduct a validation test.  

As a demonstration of the capacity to utilise the inferential capacity to develop a predictive map we 

selected the state of the genetic community to be the ‘ribbons’. The updated inferential probabilities 

for both Hydro and Distance nodes were then directly translated to the belief for each coral reef that 

the genetic identity will be assigned the ‘ribbons’. Using ordinary kriging techniques a predictive 

surface was created.   

6.3 Results 
 

The genetic network, consisting of 22 populations and 231 edges, was reduced by removing 

edges with a weight of 0.065 or greater. The leading eigenvector algorithm was then applied 

to create 8 distinct communities (modularity of 0.49) as shown in figure 6-1.  
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This network shows the strongly connected communities such as the Ribbon Reef system and 

conversely the isolated Osprey Reef. The multiple reef names, like Lizard 1,2,3, reflect the 

numerous genetic sampling that occurred on the same coral reef. For some coral reefs, such 

as Sudbury Reef, the location of the sampling from lagoon to reef crest significantly altered 

the population associations at this threshold level. The threshold edge weight value of 0.065 

was selected based on the peak modularity value of 0.49 (figure 6-2). Edge weight values less 

than 0.065 deleted too many edges creating a network where most sites were disconnected 

while the second peak, at 0.291 edge weight threshold, retained too many edges resulting in a 

simple community structure (2 communities) of minimal use for detailed diversity 

comparison.     

 

Figure 6-2. The modularity value divided by the number of components calculated from the leading 

eigenvector algorithm for the genetic network. The threshold value of edge weights less than or 

equal to 0.065  was selected resulting in a  modularity value of 0.49. 
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The hydrodynamic network, consisting of 321 coral reefs and 38091 edges, was reduced by 

removing edges with weights less than or equal to 0.0171. Any vertices without connections (10) 

were also removed at this stage. The threshold value (0.0171) was selected based on the modularity 

distribution across the range of threshold values (figure 6-3A). This resulted in a modularity value of 

0.64  as the edge number reduced to 3026 from 38091 and the vertices condensed to 311. The 

leading eigenvector algorithm created 13 communities (figure 6-4). This figure also labels the reefs 

where the genetic samples were taken.   

 

Figure 6-3. The modularity value divided by the number of components for the hydrodynamic 

network (A) and distance based network (B) across a range of edge weight threshold values. The 

hydrodynamic network edges selected were those with weights greater than or equal to 0.0171 

resulting in a modularity value of 0.64 and 13 communities. The distance based edges selected were 

those with weights less than or equal to 0.27 with a modularity value of 0.71 with 12 communities. 
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Figure 6-4. Plot showing the community structure of the hydrodynamic network for the edge 

weights greater than or equal to 0.0171. The colours indicate the individual communities (table 6-1) 

while the labelled reefs were the ones genetically sampled.  

The distance based network consisted of 51040 edges and 320 vertices which resulted in a peak 

modularity per component value of 0.71 for an edge weight of 0.27 (figure 6-3B). The reduced 

network consisting of 3235 edges and 320 vertices was sorted into 12 communities by the leading 

eigenvector algorithm (figure 6-5).  The hydrodynamic and distance based communities can be 

observed with their geospatial locations in figure 6-6. The impact of the physical arrangement of the 

reefs to the hydrodynamics can be seen in these maps especially in the northern Ribbon Reef area 

(green and blue) and in the near-shore reefs (orange).The latitudinal and cross shelf influence on the 

dispersal pattern for the coral reefs that extend along the coastline can be seen in both figures.  
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Figure 6-5. Plot of community structure of the distance based network with the edge weights less 

than or equal to 0.26 degrees (28.8 kilometres) distance. The colours indicate the individual 

communities (table 6-1) while the labelled reefs were the ones genetically sampled. 

 

 

For each coral reef the membership of the hydrodynamic and genetic communities was recorded 

(table 6-1) and placed into a Bayesian Belief Network (BBN) (figure 6-7). This simple BBN design can 

adapt to new data or design considerations. To populate the probability tables a case file (table 6-1) 

was read into the BBN. The case file contained 311 records describing the coral reef ID and the 

community ID where available. Missing data is represented by a star (table 6-1). Coral reefs that 

were represented in the genetic network but are outside of the domain of the hydrodynamic 

network (Osprey, Davies, and Big Broadhurst Reefs) were not included in the case file. The BBN was 
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created in the Netica 4.02 software environment (www.norsys.com). The boxes (shown in figure 6-

7), or nodes, represent the community parameters while the linkages indicate the dependencies. 

The bars and associated values for each node indicate the probability of finding a coral reef 

belonging to a defined community. Importantly the association between the hydrodynamic and 

distance based dispersal networks can also be inferred in this model. 

 

 

Figure 6-6. Map showing the coral reefs (circles) coloured by communities derived from the 

hydrodynamic (A) and distance (B) based networks. The labelled circles indicate the coral reef where 

genetic samples were taken. The colours are derived from table 6-1 and match respectively those in 

figure 6-4 and 6-5. 

 

 

http://www.norsys.com/
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Table 6-1. Case file (first 20 reefs from 311 cases) containing the coral reef ID (hydID), the 

community membership for the hydrodynamic, distance and genetic (FST) communities (H,D,F). Note 

the case file record for the coral reef ID equal to 57 (Lizard island reef) is duplicated indicating that 

there were multiple genetic samples taken (in lagoon and exposed reef front) and in this case 

assigned to different genetic communities (1 & 5). The colours in the figures 4, 5 & 6 are determined 

by the following allocation from the table columns H, D & F: 0 "green",  1 "red",  2 "steelblue",  3 

"yellow", 4 "black",  5 "purple", 6 "seagreen",  7 "tan", 8 "pink",  9 "orange",  10 "light blue",  11 

"brown",  12 "grey". The use of ‘*’ in the case file denotes missing data. 

hydID H D F Name               

236 4 6 0       Flora Reef         

23 2 2 2       Ribbon Reef 5      

57 0 0 1       Lizard Island (1)  

57 0 0 5       Lizard Island (2)  

57 0 0 1       Lizard Island (3)  

266 10 8 4       Cattle Bay         

297 4 10 2       Myrmidon Reef      

221 4 6 2       Sudbury Reef (1)   

221 4 6 3       Sudbury Reef (2)   

200 4 3 3       Tongue Reef (1)    

200 4 3 3       Tongue Reef (2)    

152 2 3 5       Agincourt Reef     

128 3 2 3       Emily Reef         

23 2 2 2       Ribbon Reef 5      

5 0 0 2       Ribbon Reef 8      

102 0 0 2       Ribbon Reef 10     

96 0 0 2       Yonge Reef         

1 0 0 *        Gull Reef                  

2 3 0 *        Pascoe Reef                 

3 3 0 *        Long Reef 
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Figure 6-7. Bayesian Belief Network based on the hydrodynamic, distance and genetic community 

membership. The length of the bars and associated numbers (percentage) relate to the distribution 

of the communities from the case file. Note the hydrodynamic and distance based communities do 

not necessarily coincide and the colour ‘names’ are allocated randomly. 

 

When the state of the FST node was changed to ‘Ribbons’ the updated inferential probabilities (figure 

6-8) indicated that the significant likely hydrodynamic communities were green (27.7% ), steel blue 

(26.3%), black (15.8%) and purple (7.28%).  Using ordinary kriging techniques, the predictive map 

(figure 6-9) was created with the acknowledgement that more survey points are required before 

being able to confidently utilise the results. However figure 6-9 highlights that the genetic structure 

across the central region of the GBR is complex even with the limited surveying measurements and 

not simply a function of linear distance.  



 CONNECTIVITY MODELLING OF THE CORAL REEF ECOSYSTEM 

 

129 
 

 

Figure 6-8.  BBN showing the inferential probabilities if the state of the FST genetic community is 

assigned ‘Ribbons’. Note that the model implies a 27.7% likelihood of the hydro community being 

the ‘Green’ and 26.3% being the ‘SteelBlue’ community for the reefs in the ‘Ribbons’ community.  

 

Sensitivity analysis was performed to determine the influence on the belief values for a selected 

node given the findings at the other nodes. This process, conducted in Netica, identifies the relative 

influence of each variable on the model output (Marcot 2006).  The sensitivity of the FST 

communities, expressed as the variance reduction, to the beliefs at the hydrodynamic node was 

0.3744 while the distance based community was 0.3014. This implies the information from the 

hydrodynamic community model was more influential than the distance based model.  This result 

was expected since the hydrodynamic model includes the strong East Australian Current (James et 

al. 2002) which facilitates the extended transport of larvae across the coral reef matrix. 
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Figure 6-9. Prediction map of the ‘Ribbons’ genetic community based on the figure 8 hydro 

probability values. Blue values indicate a low probability while red colour indicates a high probability 

of the coral reef having a ‘ribbons’ genetic identity. Yellow circles with labels indicate the genetic 

sampling locations. 
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Within this method the normal approach to evaluate how well the BBN is able to predict  would be 

to isolate some of the findings from the belief update process then compare the BBN predictions to 

the isolated values. However, with only a limited number of genetic samples that are within the 

hydrodynamic model domain (17 populations), this exercise is not feasible. Future work will both 

expand the hydrodynamic model to encompass more genetic sites and increase genetic sampling 

within the hydrodynamic model. Importantly the BBN as presented here is a useful conceptual 

model for the consideration of evidence based coral reef population structure and function. 

6.4 Discussion 
 

In this paper the capacity to extend the sparse genetic sampling to encompass all the coral reefs in 

the study area through community analysis has been described. We have taken the partial 

incomplete map of the genetic network and developed a method for resolving and mapping the 

community structure. The genetic network was based on the similarity of microsatellite composition 

which was effected by the intermixing of populations through larval dispersal (van Oppen et al. 

2008). We then examined the community structure of the hydrodynamic networks which grouped 

coral reefs based on the likelihood of being more connected to each other than to the remaining 

network. The detection and role of networks in natural systems like food webs and metabolic 

pathways has highlighted the prevalence and importance of communities (Garroway et al. 2008; 

Girvan & Newman 2002; Newman & Girvan 2003; Newman 2006b; Palla et al. 2005). Few studies 

however attempt to resolve the community structure from incomplete networks. Viger et al. (2007) 

estimated the size of the vast Internet from a smaller subsample using a range of techniques. They 

did not attempt to extend their analysis to the topology of the Internet. Clauset et al.  (2008) use the 

inherent hierarchical structure of real world networks to reproduce many commonly observed 

topological properties. They demonstrate that understanding the hierarchical structure can be used 

to predict missing connections in partly known networks. Liben-Nowell and Kleinberg (2003) also 

developed a method of using the observed topology to predict linkage presence for social networks. 
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While these methods can be used to predict the community structure within a partially identified 

network they do not extend the prediction capacity between networks (but see Fortuna et al. 2009). 

In particular, predicting the membership of a community based on the community membership 

within another disparate but related network has not been described previously. Combing the 

disparate networks is not informative since, while every connection in the hydrodynamic network is 

a possible representation of the dispersal path, the model describing the genetic population 

distances also includes historical events such as disturbance and site specific recruitment success. 

Since our focus here is to describe the genetic community structure then identifying and comparing 

the influencing processes at a community level will be more logically consistent than analysis based 

on individual connections. The imperative to extend the genetic community composition  to the 

remaining GBR is a priority especially for conservation planners (Hixon et al. 2001).   

Determining the inferential probabilities that a selected coral reef belonging to a community will 

also be likely to belong to another set of communities is a powerful feature of this model. For 

example, figure 6-8 highlights that a coral reef that is known to belong to the ‘Ribbons’ FST genetic 

community will have a 27.7% likelihood of also being a member of the ‘Green’ hydro community. 

This updated belief in the composition of the hydrodynamic and distance communities can be 

mapped (figure 6-9) based on the inferential probabilities.  In some cases the scarcity of  genetic 

data collected does not inform the associations  while in other cases such as the ‘Ribbons’ 

community the belief for the inferred state is higher. As additional field and model data is added to 

the BBN, the sensitivity testing will need to be rerun. 

 

Estimation of the S. hystrix population structure based on genetic information indicates that 8 

communities were sampled but the hydrodynamic network indicates that approximately 13 

communities may exist in the Cairns region alone.   The community boundaries are not fixed or 

sharply defined and reflect the hierarchical nature of the network structure. However optimising the 
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benefit function for the modularity index provides a mechanism for selecting the communities with 

the highest degree of identity. Future inclusion of other species into this model may well resolve the 

functional community structure (Bascompte 2009) for organisms that rely on passive dispersal 

processes (Fortuna et al. 2009). The range of species dispersal strategies can be encompassed by 

selecting the relevant parameter values within the hydrodynamic model (James et al. 2002).  

The conceptual model presented here is based on developing the inferential probability for the 

evidence collected to date. The Bayesian Belief Network is an effective approach for combining data 

sets with highly variable distributions. The use of graph theory combined with probability theory is 

powerful, especially in situations such as the comparison of networks. The data used in this model is 

typical for marine systems in that it is sparse and complicated. The hydrodynamic network is 

comprehensive but is based on limiting assumptions, such as the simplified topography of the coral 

reef, while the genetic network is empirically rich but sparse in the spatial coverage. The causal 

relationship between genetics and hydrodynamics is established (Underwood et al. 2007) however 

many details regarding the full extent and intensity of the metapopulation dynamics are yet to be 

described. The BBN approach provides a mechanism to describe the genetic composition 

probabilities for any coral reef, in the Cairns section, even if in many cases this simply reflects the 

overall genetic distribution. Sampling can now target those hydrodynamic communities that have 

been ignored by the genetic field sampling program.  

 

If each coral reef can be given probabilities of potentially belonging to multiple genetic communities 

then there is the case for overlapping communities (Lancichinetti et al. 2009; Palla et al. 2005). Each 

coral reef has sufficient size such that the corals growing on the exposed reef crest may be more 

genetically related to a neighbouring reef than to the corals growing in the nearby lagoon (van 

Oppen et al. 2008).  The community sorting algorithm used in this model will allocate membership to 

only one community but the associations described by the BBN permit multiple community 
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membership. Lancichinetti et al (2009) provided a new method based on the optimisation of a 

fitness function that seeks to extract the hierarchical community structure from a complex network. 

Their model used a resolution parameter to select the hierarchical level of community resolution. 

This approach appears promising in considering complex community structures.  The advantage of 

the BBN approach is being able to incorporate disparate networks and in particular providing 

multiple probabilities for the genetic state of a coral reef based on the hydrodynamics. There is no 

requirement to define mutually exclusive boundaries for any population; rather each coral reef can 

belong, with a suite of probabilities, to a limited set of communities.  

 

The definition of the community membership was completed using an eigenvector approach by 

Newman (2006a; Newman 2006b). However the algorithm we used in this paper did not utilise the 

directionality and weighted attributes of the networks. Alterations to the algorithm suggested by 

Leicht and Newman (2008) and a modified approach by Kim et al. (2010) will undoubtedly increase 

the accuracy of the community membership. These algorithms will be incorporated for further work 

in this field. 

This paper provides a conceptual framework for integrating the community detection algorithms of 

networks with a causal dependency. This provides a robust statistical approach to extrapolating 

valuable field data when combined with process based modelling outputs. The open and transparent 

approach of the BBN provides clear directions for improving the future data collection and modelling 

efforts.  
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Chapter 7  Conclusion, limits and future work 
 

In the world of coral reefs the fact that populations and communities are patchily distributed in a 

sea of non-reef habitat has become more obvious since the  increasing accessibility of remote 

sensed information (Andrefouet et al. 2007).  Complimentary to this structural description of 

coral reefs has been the measurement of interacting processes, such as larval dispersal (James et 

al. 2002), which has been stimulated, in part, by the advent of supply-side ecology (Hughes et al. 

2000; Roughgarden et al. 1988a).  Consequently it seems very natural to use tools and models 

from graph theory and metapopulation theory to study coral reef populations and systems 

(Minor & Urban 2008; Treml et al. 2008; Urban et al. 2009). 

 

Graph theory, being a branch of mathematics that elegantly describes the often complex 

behaviour of interacting systems (Harary 1969), is increasingly being applied to ecological 

systems (Green & Sadedin 2005). In particular, ecologists are primarily interested in the dynamics 

of the populations rather than just the location and, in this regard, graph theory can assist in our 

understanding of the heterogeneous nature of interacting population processes. However the 

dynamic state of the interacting populations is also fundamental to determining the 

metapopulation processes. To overcome this simplification we can use a combination of 

metapopulation models (Hanski 1998; Levins 1969) and graph models to enhance our 

understanding of marine ecology. 

The principal contribution of this thesis is the application of graph theory to network-related 

questions in marine ecology. This thesis makes several conceptual contributions in this area.  

We discovered that the dispersal patterns created by a hydrodynamic model for the central 

section of the Great Barrier Reef can be described by a small world network topology (chapter 2: 

Kininmonth et al. 2010a). This translates to a network that is relatively sparsely connected, 

strongly clustered and has a short average minimum path length (Watts & Strogatz 1998). This 
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topology type, having the individual vertices highly connected to every other vertex, emphasises 

the importance of local clusters with infrequent long distance dispersal connecting the coral reefs 

together.  The effect on the marine ecology is that the fish and coral populations, with this 

dispersal topology, can interact relatively quickly through intergenerational dispersal across the 

entire region. However this effect is not homogeneous and some populations, such as those 

based on inshore coral reefs, can be more isolated. 

We provide a new method of calculating the persistence of a metapopulation based on graph 

theoretic properties of the dispersal network (chapter 3: Kininmonth et al. 2010b). This separates 

the derivation of the dispersal processes from the calculation of the extinction and colonisation 

rates thus permitting the inclusion of complex dispersal patterns (e.g. from hydrodynamic 

models) with the persistence calculations. The persistence of metapopulations that exist in 

heterogeneous environments where the larval dispersal is influenced by forces such as wind or 

tide can be calculated using this method.  

We demonstrate that the topology of the dispersal network influences the persistence of the 

metapopulation (chapter 3: Kininmonth et al. 2010b).  Topology describes the nature of the 

connection structure from simple lattices to complex small world systems. We demonstrate that 

the small world topology produces longer persistence times than either fully connected or lattice 

type topologies. The latter models are commonly used as the basis for models describing 

metapopulation dynamics. 

We adapt and present the metapopulation persistence calculations for a network containing a 

percentage of reserves (Chapter 4: Kininmonth et al. 2011). One of the principles of reserve 

selection is that we should build reserve networks that equitably represent conservation features 

and allow for the persistence of those features.  The issue of persistence (often referred to as the 

adequacy principle) has often eluded conservation planners. By varying the individual 

population’s extinction-area exponent we were able to examine the change in the persistence of 
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the metapopulation given the selection of reserves. This capacity to include extinction rates, 

which vary across the metapopulation in the persistence calculations, may prove very useful for 

practical conservation planning in the future.  

We provide a demonstration of the importance of placing reserves with respect to topology in 

order to maximise the metapopulation persistence (Chapter 4: Kininmonth et al. 2011).  We 

examined a wide range of topologies and found that some general rules can be evident. For 

conservation planners the rules are to initially target the reserve allocation to the heavily 

clustered regions. When the clustered regions have a majority of populations either in a reserve, 

or connected to a reserve, then additional reserves can be allocated to more isolated 

populations. This result emphasises that two forces are acting in this allocation process, namely 

the benefit of reserves directly interacting with other reserves and the capacity of reserves in 

decreasing the local neighbourhood extinction rate.  

We show that the topological structure created by the genetic similarity between populations for 

Seriatopora hystrix is a small world and similar to the hydrodynamic based network (chapter 5).  

Despite the small number of populations sampled, the comparison of the microsatellite 

compositions shows that the genetic similarity topology is based on local neighbourhood clusters 

with some long distance connections.  

We present a conceptual model for deriving the genetic structure of a species by combining the 

genetic and hydrodynamic based networks (chapter 6: Kininmonth et al. 2010c). The sampling 

limitations of genetic studies restrict the ability to fully describe the spatial extent of genetically 

similar populations. The model described in this chapter uses Bayesian probability tools to utilise 

the extensive spatial coverage of the hydrodynamic models to extend the genetic results.  

Understanding the genetic structure of a species can assist in describing the ability of a local 

population to recover from disturbance and act as a source of recruits for the neighbouring 

populations. 
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Limits 
Ecological modelling is an imperfect science and as the statistician George Box stated “All models 

are wrong but some models are useful” (Box 1976) .  Hence with every thesis that contains a lot 

of modelling there are innumerable caveats and limitations.  To list them all would be an entire 

thesis.  Here I list some of the major limitations of the tools and theories that I have used in this 

thesis to understand and manage coral reef systems.    

The hydrodynamic modelling was used knowing that sensitivity testing or verification of the 

results was not feasible. This means the outputs had to be trusted on face value until a more 

sophisticated model is available (Legrand et al. 2006). Within this thesis the hydrodynamic model 

outputs (James et al. 2002) from the James Cook University Marine Modelling Unit are used 

without modification. 

The parameters used by the hydrodynamic model are very simple and often consisting of two to 

three states. This means the range of outputs are only going to be useful as a crude guide to the 

actual structure of the dispersal network for a particular species.  

While the small world structure is a useful label for the set of networks that have a small effective 

distance between each vertex (Schnettler 2009), there is no established definition that can define 

the set (but see Latora & Marchiori 2001). Consequently the analysis of the functional basis of 

small world networks is awkward. In comparison the scale-free property of networks can be 

described in a statistical framework (Albert & Barabasi 2002; Dorogovtsev 2010) . This thesis does 

not seek to redefine the small world model and utilises the original description by Watts and 

Strogatz (1998). 

The metapopulation modelling presented in this thesis is deliberately of a reductionist nature to 

highlight the broad trends observed when differences in the parameter set (i.e. extinction rate, 

colonisation rate etc) are used with topological variation. Applications to real world situations will 

require careful consideration of the questions being addressed, given these simplifications 
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(Nicholson & Possingham 2007). In particular the lack of trophic level interaction  and 

demographic structure will limit the understandings gained from this model (Pillai et al. 2010). 

However the conceptual framework presented here (Kininmonth et al. 2010b) is designed so that 

more sophisticated metapopulation models can be substituted. 

The use of metapopulation persistence in conservation planning is only one aspect of reserve 

design. Comprehensive biodiversity protection requires the assessment and understanding of the 

distribution of species or environmental gradients in order to rank planning units (Fernandes et 

al. 2009; Visconti & Elkin 2009) and develop a reserve design.  The central focus of the concept 

presented here  is to highlight the topological considerations rather than present a working tool 

for conservation planners (Kininmonth et al. 2011). Incorporating the protection of 

metapopulation dynamics with the spatial distribution of biodiversity will require significantly 

more research. 

The definition of the entities used in graph theory can be obscure in ecology (Butts 2009). 

Questions, like what does the vertex represent exactly or does a defined cluster have ecological 

meaning, are difficult to answer for some real world examples. For instance the Great Barrier 

Reef has a mixture of reef structures that have an unique physical form as a result of the coral 

growth patterns within an environmental gradient (Hopley 1982). Can a single point representing 

this structure convey sufficient complexity to be meaningful? In the case of a large reef modelled 

as a single point in a graph, the question regarding the singularity needs to be addressed. In 

particular hydrodynamic models need to be developed that consider sections of the reef as 

discrete units. Likewise genetic studies, involving multiple population sampling throughout a reef, 

need to be conducted to find the scale at which genetic diversity is detectable. Sampling from the 

Davies and Broadhurst reefs (van Oppen et al. 2008) indicate that each reef is a cluster of 

overlapping populations with significant connections to the neighbouring populations on nearby 
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reefs. Until the graph theory structures reflect these scales then there may be inconsistencies in 

their ecological interpretation.  

If the central application of graph theory in ecology is to model the dependencies between 

groups of individuals or between species then the fluctuations over time need to be 

incorporated.  Changes in the network structure as a result of environmental stress or even 

stochastic processes will reflect in the properties of the ecosystem (Bascompte & Stouffer 2009). 

Developing metapopulation models that can accommodate these fluctuations is poignant in a 

world of climate change. This thesis does examine a time series of hydrodynamic based networks 

(Chapter 2) but the metapopulation model used in chapters 2 and 3 can only utilise a static 

representation of the dispersal system. 

Future work 
 

Given there are so many limitations to this work it is logical therefore to suggest some ways of 

improving the work and new ideas for future research.  While not an exhaustive list the top 

priorities, in my opinion, include the following.   

Conservation planning tools are presently limited in how they incorporate connectivity processes 

(Almany et al. 2009). For example in Marxan, boundary length modifiers are used to replicate 

interaction processes (Watts et al. 2009). This does not enable complex topological structures, 

such as small worlds, to inform the resilience and recovery capacity of a reserve system. 

Difficulties arise in embedding complex topological considerations to the attributes of single 

planning units. The solution might reside with describing the cluster structure first then 

prioritising the planning units within each cluster based on their connectivity profile. 

A key issue in conservation planning is the persistence of a population through time given 

fluctuations in environmental conditions. The model presented in chapter 3 uses a static 
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depiction of the dispersal network yet the dispersal process is known to  be influenced by large 

scale climatic changes (Treml et al. 2008).  The persistence formula needs to be adapted to 

accept a time sequence of network structures that vary in connectivity strengths and topology. 

With hind casting of hydrodynamic models it may be possible to examine the effect that a single 

low connectivity year has on the MLT.  

While larval dispersal networks are informative in many respects, the inclusion of food web or 

trophic networks would provide additional functional relationships (see example; Pillai et al. 

2010). This however is a monumental task, given the highly compounding nature, of combining 

these two network types across space and species. 

Critical to the development of networks in marine ecology is the research in two separate fields.   

Marine ecological modelling requires the evolution of hydrodynamic models with sufficient 

resolution (i.e. 100m) and statistical validity (i.e. sensitivity testing, predictability and verifiable 

accuracy). These enhanced models can directly inform the dispersal network configuration. 

Present models are undoubtedly limited in their capacity to influence conservation planning. 

Certainty in the ecological network models relies on increased genetic material collection and 

processing for multiple species based on stratified sampling across the marine environment. Only 

by measuring the genetics of successful individuals present in the marine environment can we be 

confident that the dispersal models are valid.  

While the connection between coral reef systems, metapopulation theory and graph theory 

seems obvious, there is remarkably little that attempts to connect and use these tools to study, 

understand and manage coral reef systems.  I hope that this suite of contributions will facilitate 

the expansion of interest in what may be a conceptually rich and practically useful field. 
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