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a b s t r a c t

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 com-
plex network. This network involved sampling 1025 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 dis-
similarity 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 lim-

ited 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 population struc-
ture of the Great Barrier Reef and provide guidance on where future genetic sampling should take place

ivers
to complete the genetic d

. Introduction

The exchange of genetic information, through coral larvae
xchange, is fundamentally important for the function of the Great
arrier Reef (Hughes et al., 1999; Ayre and Hughes, 2004). Recruit-
ent rates and resilience to disturbances are influenced by the
igration of coral larvae that either settle locally or are transported

cross large distances (van Oppen and Gates, 2006). However the
arine environment is not always favourable for coral growth and

oral reefs are subject to cyclic natural disturbances which shape

he community composition (Wakeford et al., 2008). Understand-
ng the broad scale boundaries of the communities defined by
enetic grouping can assist the development of appropriate man-
gement strategies (Lubchenco et al., 2003; Kerrigan et al., 2010).

∗ Corresponding author at: PO Box #3, Townsville, Qld 4810, Australia.
el.: +61 (7) 47534334; fax: +61 (7) 47725852.
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Reserve design informed with the knowledge of the genetic diver-
sity 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 connec-
tivity 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 metapop-

ulation dynamics. A metapopulation is characterised by the extent
that the dynamics of local populations are influenced by a nontriv-
ial external replenishment of larvae across a range of spatial scales
and are therefore strongly dependent upon local demographic pro-
cesses (Kritzer and Sale, 2004).
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An alternative method of measuring the metapopulation struc-
ure is to examine the genetic composition of individual corals
n a small locality and then statistically compare sample popula-
ions across the region (Hellberg, 2007; Underwood et al., 2007;
an Oppen et al., 2008). DNA markers, like microsatellites, have
ufficient variability to analyse how individuals relate to the sam-
led populations (Pritchard et al., 2000) yet the allele proportions
re not expected to be distorted by local selection pressures. The
icrosatellite composition of each individual can be used as the

asis for determining the linkages between populations (Arens et
l., 2007). Any individual can theoretically be associated with all
f the populations in the sample, albeit with a very small proba-
ility. One approach is to find the individuals that do not seem to
riginate from the local population using exclusion tests. However
hese exclusion tests are limited by the genetic diversity present in,
nd divergence among, the metapopulation. If several populations
re genetically similar then migrants will not be correctly identi-
ed if they cross from one population to another (Piry et al., 2004).
he FST metric, commonly used to describe genetic differentiation,
mplies that when two populations are not significantly different
i.e. FST = 0) that high levels of genetic exchange have occurred pre-
iously. Each sampled population pair can then be assigned a FST
eighting as a measure of their connectedness.

These connections create complex networks with properties
hat highlight the nature of coral reef ecology. Brooding corals will
ave reduced dispersal capabilities compared with broadcasting
oral species (Ayre and Hughes, 2000) and this enables finer spatial
esolution of the dispersal patterns. Each species is likely to have
articular dispersal properties across a range of scales (Kinlan et
l., 2005) and more research is required to understand the compre-
ensive metapopulation dynamics (Cowen et al., 2002).

This paper describes the network created from the genetic anal-
sis of the brooding pocilloporid coral Seriatopora hystrix Dana 1846
y van Oppen et al. (2008). S. hystrix is a common coral in many
arts of the world (Veron, 2000) despite being a predominantly
elf recruiting species. The life history of S. hystrix, in which eggs
re fertilised internally and then released at an advanced develop-
ental stage, ensures that larvae can settle within hours to days and

his tends to limit long distance dispersal (Ayre and Dufty, 1994;
nderwood et al., 2007). The majority of larvae settle within 100 m
f the natal colony but a small percentage (2–6%) are successful
n moving large distances (Underwood et al., 2007). The larvae are
quipped with maternal zooxanthellae and could exist for many
eeks in the water column (Underwood et al., 2007). Given the

elocity of the currents within the GBR (James et al., 2002; Luick et
l., 2007), settlement at distant reefs is conceivable.

The use of hydrodynamics to inform the dispersal processes
n marine systems is an established and expanding research field
Knights et al., 2006; Luick et al., 2007). While modelling across the
egional scales and complexity of the Great Barrier Reef requires
he acknowledgement of limiting assumptions (such as the resolu-
ion of the digital elevation model) the capacity to understand the
nderlying processes is compelling.

The results of the population differentiation analysis can be used
o construct a network of nodes and edges (Fortuna et al., 2009).

connecting edge can be formed from the centroid of the possi-
le natal population to the centroid of the population where the
igrant was found. The edges can then be combined to construct
network (or ‘graph’ in mathematical disciplines). The analysis of

his network can utilise graph theory concepts and methods (Steuer
nd Lopez, 2008; Dorogovtsev, 2010).
While there is significant interest in the role played by individual
eefs in the regional dispersal process, the key focus for conserva-
ion planners is the ‘community’ (Garcia-Charton and Perez-Ruzafa,
999; Kerrigan et al., 2010). Genetically this can be defined as a set
f local populations that are more similar in their microsatellite
elling 221 (2010) 2870–2880 2871

composition than compared to the wider metapopulation (Fortuna
et al., 2009). This loose definition can also be adapted to networks
describing the interconnected nature 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 vigor-
ously 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 devel-
oped by Newman (2006a,b) and is based on optimising a benefit
function called modularity (Newman and Girvan, 2003). Modular-
ity can be defined as:

Q = (number of edges within communities) − (expected num-
ber 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 and 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
and Newman, 2008).

A leading question, in the context of metapopulation dynamics,
is how to resolve the boundaries of the genetically based commu-
nities 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 metapopula-
tion structure, is worth investigation.

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 com-
munities 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 condi-
tional 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 charac-
terise 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 environ-
ment. The use of BBN in ecology is established as a mechanism of
informing dependencies despite a paucity of data (Borsuk et al.,
2002; Wooldridge and Done, 2003). There are two key principles in
operation within a BBN. The first is Bayes rule whereby the proba-
bility 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 connect-
ing nodes) describes the conditional probabilities (P(B|A)). Once the
BBN is constructed then the conditional probability table for each



2872 S. Kininmonth et al. / Ecological Modelling 221 (2010) 2870–2880

F e com
s

v
s
c
t
s

2

t
c
d
T
d

2

c
t
f
G
2
l
w
s
r
d
m
t

ig. 1. The genetic network with only the edges less than 0.065 present, showing th
howing the spatial location of the genetic sampling sites.

ariable can be updated based on the available evidence. Given the
tate of a variable in the BBN the state of any other variable can be
alculated. This ‘calibrated’ BBN then enables probabilistic predic-
ions of the ‘most likely’ state of an unmeasured variable given the
tate of the other variables within the network.

. Methods

In this section, we describe how the genetic data was collected,
ransformed into a graph theoretical structure, and resolved into
ommunities. We then detail the creation of the hydrodynamic and
istance based networks and the subsequent community structure.
he final section explains the integration of the genetic and hydro-
ynamic communities using a Bayesian Belief Network approach.

.1. Genetic data collection

In this section the construction and analysis of the network
reated by assigning individuals to a collection of surveyed popula-
ions of S. hystrix will be described. van Oppen et al. (2008) collected
ragments from 1025 S. hystrix colonies from 22 sites across the
reat Barrier Reef and Coral Sea between March 2003 and February
005. From each of these samples the genotypes at 10 microsatel-

ites were determined. The 36–54 samples collected at each site
ere contained within a 100 m2 area, consistent with the dispersal
tudies of S. hystrix (Underwood et al., 2007). This study uses the
esults of a FST test by van Oppen et al. (2008) to examine genetic
ifferentiation of populations across the region. S. hystrix is a com-
on species known to occur across the region (Veron, 1986) and

herefore many populations were not sampled. However these FST
munities (colour coded; Table 1) identified by leading eigenvector algorithm. Map

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.

2.2. Genetic network creation

The results of the FST were transformed into graphs using the
igraph package (Csardi and 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 weight attribute which is
then updated from the FST adjacency matrix. The resulting S. hys-
trix population genetic network is an undirected weighted graph
(Fig. 1).

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 eigenvec-
tor method by Newman (2006a) since this produces communities
that appear to be consistent with our expectations and with a res-
olution appropriate to the genetic data complexity. The current
method is based on maximising a modularity benefit function using
eigenvectors to determine the community division and composi-
tion (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 dis-

http://cran.r-project.org/
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ig. 2. The modularity value divided by the number of components calculated from
he leading eigenvector algorithm for the genetic network. The threshold value of
dge weights less than or equal to 0.065 was selected resulting in a modularity value
f 0.49.

inct. However we sought to balance a compromise between the
umber of connected components and the optimum modularity
alue. Threshold values were decreased from a maximum value,
hereby all edges were retained, to a minimum value resulting in a

ully disjointed network. For each threshold increment the commu-
ity structure was determined with an optimum modularity value.
he peak maximum modularity value per component (Fig. 2) was
hen used to select the threshold value used in determining the
ommunity structure.

.4. Hydrodynamic community creation

The emergence of simplified tools to create particle transfer
odels based on public domain hydrodynamic models (Condie et

l., 2004) has led to the rapid growth of connectivity based studies
e.g. Treml et al., 2008). Here we use the Lagrangian particle disper-
al model for the Cairns section of the GBR for the years 1967–1998
eveloped by James et al. (2002). This model uses discrete time
teps to move particles within a dynamic 2D environment, con-
aining 321 discrete coral reefs, with some basic life characteristics
uch as mortality and settlement behaviour. The result is a matrix
etailing the success of particles to move between a source and
ettle reef. The values within the matrix represent the probabil-
ty that larvae will move from one reef to another but there is
o adjustment for settlement success. This matrix, often referred
o as an adjacency matrix, is used to create edges between coral
eefs (depicted as vertices) with a weight determined by the trans-
er of particles. The resulting set of networks are described in
ininmonth et al. (2010). Since our focus is on the hydrodynamic
vents across several decades rather than a single year we com-
ine the 32 years of adjacency matrices for a given set of dispersal
arameters. This creates a single network with 321 vertices con-
ected by all the edges that were created across the 32 years.
here edges were duplicated the edge weights were summed

hus retaining only one edge between connected individual coral

eefs.

Using the same community differentiation method as described
bove for the genetic network we defined the modularity values
cross a complete range of edge weight thresholds. In a similar
anner to the genetic network we discovered a peak modularity
elling 221 (2010) 2870–2880 2873

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 com-
munity 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 (Fig. 3) and developed the communities for
the reduced network.

2.5. Distance based community creation

While the hydrodynamic models are informative the assump-
tions 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 algo-
rithm.

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 likeli-
hood that a reef belonging to a particular genetic community also
belongs to a described hydrodynamic and distance based commu-
nity. 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 probabili-
ties) 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 distri-
bution 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 mea-
sured. 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.

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 cre-
ate eight distinct communities (modularity of 0.49) as shown in
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inferred in this model.
When the state of the FST node was changed to ‘Ribbons’ the

updated inferential probabilities (Fig. 8) indicated that the signif-
icant likely hydrodynamic communities were green (27.7%), steel
blue (26.3%), black (15.8%) and purple (7.28%). Using ordinary krig-

Table 1
Case file (first 20 reefs from 311 cases) containing the coral reef ID (hydID), the com-
munity 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 and 5). The colours in the Figs. 4–6 are determined by the following allocation
from the table columns H, D and 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
ig. 3. The modularity value divided by the number of components for the hydrodyn
alues. The hydrodynamic network edges selected were those with weights greater
istance based edges selected were those with weights less than or equal to 0.27 w

ig. 1. This network shows the strongly connected communities
uch as the Ribbon Reef system and conversely the isolated Osprey
eef. The multiple reef names, like Lizard 1,2,3, reflect the numer-
us genetic sampling that occurred on the same coral reef. For some
oral reefs, such as Sudbury Reef, the location of the sampling from
agoon to reef crest significantly altered the population associations
t this threshold level. The threshold edge weight value of 0.065
as selected based on the peak modularity value of 0.49 (Fig. 2).

dge weight values less than 0.065 deleted too many edges creating
network where most sites were disconnected while the second
eak, at 0.291 edge weight threshold, retained too many edges
esulting in a simple community structure (two communities) of
inimal use for detailed diversity comparison.
The hydrodynamic network, consisting of 321 coral reefs and

8,091 edges, was reduced by removing edges with weights less
han or equal to 0.0171. Any vertices without connections (10)
ere also removed at this stage. The threshold value (0.0171) was

elected based on the modularity distribution across the range of
hreshold values (Fig. 3A). This resulted in a modularity value of
.64 as the edge number reduced to 3026 from 38,091 and the ver-
ices condensed to 311. The leading eigenvector algorithm created
3 communities (Fig. 4). This figure also labels the reefs where the
enetic samples were taken.

The distance based network consisted of 51,040 edges and 320
ertices which resulted in a peak modularity per component value
f 0.71 for an edge weight of 0.27 (Fig. 3B). The reduced net-
ork consisting of 3235 edges and 320 vertices was sorted into

2 communities by the leading eigenvector algorithm (Fig. 5). The
ydrodynamic and distance based communities can be observed
ith their geospatial locations in Fig. 6. The impact of the physical

rrangement of the reefs to the hydrodynamics can be seen in these
aps especially in the northern Ribbon Reef area (green and blue)

nd in the near-shore reefs (orange). The latitudinal and cross shelf
nfluence on the dispersal pattern for the coral reefs that extend
long the coastline can be seen in both figures.

For each coral reef the membership of the hydrodynamic and
enetic communities was recorded (Table 1) and placed into a
ayesian Belief Network (BBN) (Fig. 7). This simple BBN design

an adapt to new data or design considerations. To populate the
robability tables a case file (Table 1) was read into the BBN. The
ase file contained 311 records describing the coral reef ID and
he community ID where available. Missing data is represented by
star (Table 1). Coral reefs that were represented in the genetic
network (A) and distance based network (B) across a range of edge weight threshold
or equal to 0.0171 resulting in a modularity value of 0.64 and 13 communities. The

odularity value of 0.71 with 12 communities.

network but are outside of the domain of the hydrodynamic net-
work (Osprey, Davies, and Big Broadhurst Reefs) were not included
in the case file. The BBN was created in the Netica 4.02 software
environment (www.norsys.com). The boxes (shown in Fig. 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
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

http://www.norsys.com/
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Ribbon Rf No.8

Ribbon Reef No.5

Lizard Is
Yonge Rf

Ribbon Rf No. 10

Emily Reef

Agincourt Reef

Tongue Reef

Sudbury Reef

Flora Reef

Cattle Bay

Myrmidon Reef

Fig. 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 1) while the labelled reefs were the ones genetically sampled.

Ribbon Reef No.8

Ribbon Reef No.5

Lizard Is
Yonge Rf

Ribbon Rf No. 10

Emily Reef

Agincourt Reef

Tongue Reef

Sudbury Reef

Flora Reef

Cattle Bay

Myrmidon Reef

Fig. 5. Plot of community structure of the distance based network with the edge weights less than or equal to 0.26◦ (28.8 km) distance. The colours indicate the individual
communities (Table 1) while the labelled reefs were the ones genetically sampled.
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ig. 6. Map showing the coral reefs (circles) coloured by communities derived from
oral reef where genetic samples were taken. The colours are derived from Table 1

ng techniques, the predictive map (Fig. 9) was created with the
cknowledgement that more survey points are required before
eing able to confidently utilise the results. However Fig. 9 high-

ights that the genetic structure across the central region of the GBR
s complex even with the limited surveying measurements and not
imply a function of linear distance.

Sensitivity analysis was performed to determine the influence
n the belief values for a selected node given the findings at the
ther nodes. This process, conducted in Netica, identifies the rela-
ive influence of each variable on the model output (Marcot, 2006).
he sensitivity of the FST communities, expressed as the variance
eduction, to the beliefs at the hydrodynamic node was 0.3744
hile the distance based community was 0.3014. This implies the

nformation from the hydrodynamic community model was more
nfluential than the distance based model. This result was expected
ince the hydrodynamic model includes the strong East Australian
urrent (James et al., 2002) which facilitates the extended transport
f larvae across the coral reef matrix.

Within this method the normal approach to evaluate how well
he BBN is able to predict would be to isolate some of the findings

rom the belief update process then compare the BBN predictions to
he isolated values. However, with only a limited number of genetic
amples that are within the hydrodynamic model domain (17 pop-
lations), this exercise is not feasible. Future work will both expand
he hydrodynamic model to encompass more genetic sites and
ydrodynamic (A) and distance (B) based networks. The labelled circles indicate the
atch respectively those in Figs. 4 and 5.

increase genetic sampling within the hydrodynamic model. Impor-
tantly the BBN as presented here is a useful conceptual model for
the consideration of evidence based coral reef population structure
and function.

4. Discussion

In this paper the capacity to extend the sparse genetic sam-
pling to encompass all the coral reefs in the study area through
community analysis has been described. We have taken the par-
tial 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 popula-
tions 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 detec-
tion and role of networks in natural systems like food webs and
metabolic pathways has highlighted the prevalence and impor-

tance of communities (Girvan and Newman, 2002; Newman and
Girvan, 2003; Palla et al., 2005; Newman, 2006b; Garroway et al.,
2008). 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
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ig. 7. Bayesian Belief Network based on the hydrodynamic, distance and genetic
elate to the distribution of the communities from the case file. Note the hydrodyna
re allocated randomly.

f techniques. They did not attempt to extend their analysis to
he topology of the Internet. Clauset et al. (2008) use the inherent
ierarchical structure of real world networks to reproduce many
ommonly observed topological properties. They demonstrate that
nderstanding the hierarchical structure can be used to predict
issing connections in partly known networks. Liben-Nowell and

leinberg (2003) also developed a method of using the observed
opology to predict linkage presence for social networks. While
hese methods can be used to predict the community structure
ithin a partially identified network they do not extend the pre-
iction capacity between networks (but see Fortuna et al., 2009).

n particular, predicting the membership of a community based on
he community membership within another disparate but related
etwork has not been described previously. Combing the disparate
etworks is not informative since, while every connection in the
ydrodynamic network is a possible representation of the disper-
al path, the model describing the genetic population distances
lso includes historical events such as disturbance and site specific
ecruitment success. Since our focus here is to describe the genetic
ommunity structure then identifying and comparing the influenc-
ng processes at a community level will be more logically consistent
han analysis based on individual connections. The imperative to

xtend the genetic community composition to the remaining GBR
s a priority especially for conservation planners (Hixon et al., 2001).

Determining the inferential probabilities that a selected coral
eef belonging to a community will also be likely to belong to
nother set of communities is a powerful feature of this model.
unity membership. The length of the bars and associated numbers (percentage)
nd distance based communities do not necessarily coincide and the colour ‘names’

For example, Fig. 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 (Fig. 9) based on the inferen-
tial 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 eight communities were sampled but
the hydrodynamic network indicates that approximately 13 com-
munities may exist in the Cairns region alone. The community
boundaries are not fixed or sharply defined and reflect the hier-
archical nature of the network structure. However optimising the
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 organ-
isms 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
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ig. 8. BBN showing the inferential probabilities if the state of the FST genetic comm
ommunity being the ‘Green’ and 26.3% being the ‘SteelBlue’ community for the ree

ata sets with highly variable distributions. The use of graph theory
ombined with probability theory is powerful, especially in situa-
ions such as the comparison of networks. The data used in this

odel is typical for marine systems in that it is sparse and compli-
ated. The hydrodynamic network is comprehensive but is based
n limiting assumptions, such as the simplified topography of the
oral reef, while the genetic network is empirically rich but sparse
n the spatial coverage. The causal relationship between genet-
cs and hydrodynamics is established (Underwood et al., 2007)
owever many details regarding the full extent and intensity of
he metapopulation dynamics are yet to be described. The BBN
pproach provides a mechanism to describe the genetic compo-
ition probabilities for any coral reef, in the Cairns section, even if
n many cases this simply reflects the overall genetic distribution.
ampling can now target those hydrodynamic communities that
ave been ignored by the genetic field sampling program.

If each coral reef can be given probabilities of potentially belong-
ng to multiple genetic communities then there is the case for
verlapping communities (Palla et al., 2005; Lancichinetti et al.,
009). Each coral reef has sufficient size such that the corals grow-

ng on the exposed reef crest may be more genetically related to a
eighbouring reef than to the corals growing in the nearby lagoon

van Oppen et al., 2008). The community sorting algorithm used in
his model will allocate membership to only one community but
he associations described by the BBN permit multiple community

embership. Lancichinetti et al. (2009) provided a new method
is assigned ‘Ribbons’. Note that the model implies a 27.7% likelihood of the hydro
he ‘Ribbons’ community.

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 require-
ment 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,b). 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. (2009) 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 depen-
dency. 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 mod-
elling efforts.
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Fig. 9. Prediction map of the ‘Ribbons’ genetic community based on the Fig. 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.(For interpretation of the references to
c

A

B
g
o
(
J
W
m

olor in this figure legend, the reader is referred to the web version of the article.)
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