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Abstract Landscapes are increasingly fragmented,
and conservation programs have started to look at
network approaches for maintaining populations at a
larger scale. We present an agent-based model of
predator–prey dynamics where the agents (i.e. the
individuals of either the predator or prey population)
are able to move between different patches in a
landscaped network. We then analyze population
level and coexistence probability given node-centrality measures that characterize specific patches. We
show that both predator and prey species benefit from
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living in globally well-connected patches (i.e. with
high closeness centrality). However, the maximum
number of prey species is reached, on average, at
lower closeness centrality levels than for predator
species. Hence, prey species benefit from constraints
imposed on species movement in fragmented landscapes since they can reproduce with a lesser risk of
predation, and their need for using anti-predatory
strategies decreases.
Keywords Networks  Landscape 
Predator–prey  Coexistence  Survival probabilities 
ABM  IBM

Introduction
Species are distributed heterogeneously and, given
the variety of habitats that exist in nature, habitat
fragmentation per se does not necessarily threaten
many species. However, in recent years, fragmentation seems to have conspicuously accelerated given
human population growth and urban sprawl, and the
pace and scale of fragmentation is increasingly
threatening for species’ persistence. Hence, understanding the ecological consequences of habitat
fragmentation is now part of most research agendas
that deal with conservation, biodiversity and adaptation to climatic change. More recently we have seen
the increasing use of a network approach in conservation of both marine and terrestrial landscapes (e.g.

123

34

Bodin and Norberg 2007; Planesa et al. 2009; Urban
et al. 2009). This network approach describes landscapes as networks of habitat patches (nodes)
connected by edges representing links between
different patches (Urban and Keitt 2001), indicating
the ability of an organism (predator or prey) to
directly disperse/diffuse from one patch to another
(from node i to node j) (Pascual-Hortal and Saura
2006). Movement of organisms to/from a specific
patch is limited to connected habitat patches close
enough to allow for species migration (Bodin and
Norberg 2007). Therefore, a network perspective
allows us to combine landscape patterns and metapopulation dynamics (Urban and Keitt 2001; Bodin
and Norberg 2007; Minor and Urban 2007) to better
understand the influence of fragmentation on population persistence. However, almost all of these types
of studies have focused on single species and how
they might be affected by various levels of habitat
fragmentation. Here, we will focus on how habitat
fragmentation may affect two interacting species
(a predator and a prey species).
Issues of space and time-scale increase the complexity of predator–prey dynamics as their inclusion
leads to substantially different outcomes even if all
other variables that affect these dynamics are kept
constant (Fahrig and Nuttle 2005). Past literature has
dealt in depth with land-fragmentation and its effect on
movement of species (Rougharden 1977, 1978; Droz
and Pekalski 2001; Bolker 2003; Fahrig and Nuttle
2005; Pascual-Hortal and Saura 2006; Nonaka and
Holme 2007; Inchausti and Ballesteros 2008). Thus, in
understanding the importance of spatial heterogeneity
it is necessary to focus on how fragmentation affects
population levels and the likelihood of predator–prey
coexistence. We aim to uncover the significance of
heterogeneous fragmentation of landscapes, by representing them as networks and looking at the relationship that exists between predator–prey dynamics and
network metrics (e.g. node-centrality). In other words,
we seek to understand how the structure of habitat
fragmentation affects predator–prey dynamics and the
probability of coexistence.
Fragmentation, connectivity, and spatial conditions need to be taken into account when dealing with
predator–prey population dynamics as species diffuse
and respond to landscape patterns and the surrounding environment (Rougharden 1977, 1978). According to previous experimental papers, the landscape
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structure is able to alter predation pressure (With
et al. 2002), thus modifying prey development
depending on the landscape structural changes (Kareiva
1987). Landscape heterogeneity per se does not seem
to have any significant effect on predator–prey
dynamics. However, when combined with movement
capabilities, it may lead to important alterations of
predators and prey populations (Fahrig 1998).
The interaction between predators and prey has
been studied with differential equations (i.e. LotkaVolterra), reaction–diffusion equations (McLaughlin
and Roughgarden 1991; Benson et al. 1993), and
individual based models (Cuddington and Yodzis
2000; Droz and Pekalski 2001; DeAngelis and Mooij
2005; Hovel and Regan 2008). While in analytic
models population is treated as a whole (homogeneous mixing), individual (agent) based models (IBM
or ABM) centre on individual differences (DeAngelis
and Mooij 2005; Grimm and Railsback 2005;
Breckling et al. 2006). ABMs allow population
dynamics to emerge from individual predators and
prey, and we believe this approach to be essential if
we are to uncover the complexities arising in
predator–prey systems on heterogeneous and fragmented landscapes (McCauley et al. 1993).
This paper focuses on the consequences of movement between patches, rather than spatial details of a
single patch, by modelling individual predator and
prey on heterogeneous landscapes, which we model
as networks of habitat patches. The central research
questions are as follows:
•
•

How does the underlying
patches influence population
Does network connectivity
patch drive predator–prey
probability of coexistence?

network of habitat
levels?
and centrality of a
dynamics and the

Methods
On a given landscape, we model predator–prey
interaction according to the ABM proposed by
Wilson (1998), whose work aimed at linking two
different modelling frameworks, ABMs and coupled
differential equations. We extend this study by
including a networked landscape where nodes represent habitat patches. Habitat patches are considered
land where prey can eat, predators can hunt, and both
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species can reproduce (Ives and Dobson 1987; Droz
and Pekalski 2001). Edges represent movement
possibilities between different patches. In the past,
species models of networks with small and large
patch numbers have been studied. A small number of
patches have been studied to resemble ecosystems,
while a larger number have been used to examine
multiple species coexistence (Cominsa and Hassell
1996; Blasius et al. 1999; Hastings 2001; Jansen
2001). More recently Holland and Hastings (2008)
have developed a manageable ten-patch model that
supplements the realism of models with small number
of patches while displaying results similar to networks with a larger number of habitat patches.
Given the aim of this model, we rely heavily on
the movement capabilities of agents between different habitat patches. Recently, movement of predators
and prey has been widely researched in order to
explicitly incorporate space into modelling species
interaction with emphasis on predators’ searching
strategies and the anti-predatory behaviour of prey
(McLaughlin and Roughgarden 1991; Linhares 1999;
Inchausti and Ballesteros 2008). In the model
presented, agents actively choose to move according
to inputs given by the surrounding environment. The
results of the model presented here, where a threshold
rule is used to determine the movement decisions by
prey and predators, can be compared to more
simplistic models of migration based on diffusive
and random movement. This comparison may shed
further light on the importance of understanding the
effects of landscape connectivity. Nonetheless, few
studies take active behavior into account and we
think that species do move according to the feedback
they receive from the surrounding environment (e.g.
intra-species competition, search strategies and antipredatory behavior).
A detailed description of the ABM proposed is
provided in the ODD (Overview, Design concepts,
and Details) protocol available in the supplementary
material. The ODD protocol is a standard protocol for
describing individual and agent based models (Grimm
et al. 2006), so as to allow for a deeper understanding
of the model and to facilitate replication.
The network of habitat patches
To build on the work of Holland and Hastings (2008),
we consider a landscape with N = 10 habitat patches
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and vary the number of edges (E) that connect them.
Habitat patches (nodes) are placed randomly on a
two-dimensional grid and are connected through
edges according to their proximity to other patches
(patches within small Euclidean distance from each
other are connected first) as shown in Fig. 1.
Geographic proximity is an important aspect concerning the network topology of a landscape (Minor
and Urban 2007, 2008); the networked landscape
presented is based on Euclidean distances in order to
better simulate movement of species on real landscapes. We do not allow loops and multiple edges in
our network. All habitat patches are considered equal;
as a result, the ability to sustain prey does not vary
throughout the patches. We interpret the landscape as
an undirected, un-weighted network. An undirected
network contains edges that enable movement from
one node to another and vice versa. An un-weighted
network only considers edges as connectors and not
pathways with explicit distance (note, Euclidean
distance is only used in order to determine if a
connection, an edge, should exist between two
patches). Nonetheless the probability of movement
may still be asymmetric depending on the strength of
a node’s centrality. For instance, agents on node i
may only be permitted to move towards node j while
agents on node j have the possibility to move to many
different nodes, including node i (e.g. Fig. 1b bottom
right node and its neighbour). Although we are aware
that a more complex network representation may lead
to different results, an undirected, un-weighted network is still able to provide information enabling the
assessment of patch importance on the species’
movement abilities (Estrada and Bodin 2008).
The species
There are two types of agent-sets, predator and prey,
each of which is assigned randomly to a habitat patch.
In our mathematical notation we use subscript 1 for
prey and 2 for predators. The initial number of
predators and prey is proportional to the number of
nodes in the network, as shown in Table 1. Each
time-step prey have the ability to reproduce with
probability Pr,1 and to die via predation with
probability Pk,2, if both prey and predator are
assigned to the same patch i. Predators may also
reproduce at every time-step with probability Pr,2,
given they have successfully attacked (thus killed) a
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Fig. 1 Graphical
representation of a
geoproximity network for
E = 5 (a), E = 15 (b),
E = 20 (c) and E = 25 (d),
E = 30 (e), E = 35 (f), and
E = 45 (g)

Table 1 Summary of
variables, symbols and
values used in the ABM

Simbol

Variable name

Values from distributions used
in Monte Carlo simulations

N

Number of nodes

10

E

Number of edges

Varies from 0 to 45

C
n1

Size of a node
Initial number of prey

100
Poisson with mean 25 * N

Pr,1

Prey reproduction rate

Poisson with mean 0.25 (25%)

DU,1

Prey density upper limit

Random uniform distribution [0.5, 0.9]

DL,1

Prey density lower limit

Random uniform distribution [0.2, 0.4]

n2

Initial number of predators

Poisson with mean 10 * N

Pr,2

Predator reproduction rate

Poisson with mean 0.2 (20%)

Pk,2

Predation probability

Poisson with mean 0.2 (20%)

Pm,2

Predator death rate

Poisson with mean 0.06 (6%)

DU,2

Predator density upper limit

Random uniform distribution [0.3, 0.6]

Th

Predator handling time

3

prey and are currently in their handling period (Th), a
timeframe in which predators are consuming the prey
and hence have the ‘‘energy’’ to reproduce. Predators
die naturally according to a fixed death rate (Pm,2).
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Drawing from the literature we simplify the movement behaviour of agents between patches. Agents
move between patches according to density thresholds in one or both species. Prey move if their density
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in a given patch i (Dn1i) is higher than a predetermined threshold (DU,1) so as to mimic intra-species
competition for food. Prey also move if the predator
density (Dn2i) rises above a predetermined threshold
(DU,2) in order to mimic anti-predator behaviour (Ives
and Dobson 1987; Luttberg and Schmitz 2000; Lima
2002; Nelson et al. 2004; Creel et al. 2005; Fischhoff
et al. 2007). If prey density falls below a predetermined threshold (DL,1), predators move between
patches looking for higher densities of prey, thus
imitating predatory search strategies (Linhares 1999;
Lima 2002; Ioannou et al. 2008). Table 1 summarizes
variables and values used in the ABM model.
Parameters are set at the beginning of each run as
described in Table 1. Internal species parameters are
drawn from the distributions described, while the
number of edges, E, varies from 0 to 45 as shown in
Fig. 1. We measure the population levels for both
predators and prey individually for every patch
throughout the different simulation runs. The mean
values of the parameters presented in Table 1 are one
of the configurations that enable coexistence in the
model presented by Wilson (1998). We use Monte
Carlo methods to explore a wider parameter space to
test the sensitivity of the outcomes. By altering the
number of existing connections between patches we
show the importance of landscape fragmentation in
the welfare of predator–prey systems independently
from species reproduction, death and predation rates.
Network structures and predator–prey dynamics
The analysis is based on network metrics that
statistically characterize landscape connectivity. In
what follows we briefly describe the metrics used to
uncover the relationships existing between patchcentrality, landscape connectivity and population
dynamics; however, for in depth information on the
metrics used, please refer to Boccaletti et al. (2006),
da Fontoura Costa et al. (2007). We focus our
analysis on node-centrality and other network metrics
that are relevant for measuring the dispersal of
species. Detailed results for each metric used can be
found in the supplemental material. Here we concentrate on two node-centrality measures and three
network metrics that are most important when
assessing coexistence probabilities and shaping predator–prey population levels. Therefore we concentrate on closeness centrality (clos), an average of
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node-centrality measures (closeness centrality, node
degree and local efficiency) denoted cde, network
average local efficiency (avgel), global efficiency
(avgeg), and the percentage of nodes belonging to the
giant connected component (gcc). Closeness centrality measures the average geodesic distance (shortest
path length) between one node and all other nodes in
the network within its reach. In other words, a node is
globally central if it is reachable from many other
nodes. Local efficiency is the average efficiency of
local sub-graphs (Latora and Marchiori 2001). In
essence, it is a measure of how effectively information spreads through a network on a local scale; in
this case, the information is perceived as species
diffusion between connected patches. Global efficiency is defined as the average of the inverse
distance between two nodes; it is related to an agent’s
movement ability and it is measurable for unconnected graphs (Latora and Marchiori 2001; Crucitti
et al. 2004). The giant connected component can be
defined as the largest part of the network whose nodes
are connected to each other. All the measures used
are normalized to ease comparisons between the
different networks created through the simulations.

Results
We utilize Monte Carlo method to gain a broader
understanding of the model dynamics. We vary the
number of edges from 0 to 45 (where a simulation
with 45 edges represents a fully connected network).
For a given number of edges, 1000 simulations with
different parameter configurations drawn from the
distributions presented in Table 1 are performed.
Each simulation lasts for 5000 time steps. Since our
main focus is on long-term population dynamics and
the probability of species coexistence, we collect the
average population levels of predators and prey from
the last 1000 time-steps.
Using Monte Carlo method allows us to assess the
importance of node centrality and other network
metrics under a wide range of dynamics. Figure 2
displays the dynamics of 8 select runs from the
original ten thousand. These runs were specifically
chosen because they represent the distinct regimes
and population patterns that arise from the simulations. Figure 2a focuses on population level of the
whole network while 2B and 2C focus on population
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at the node level, our local representatives being
nodes 1 and 5, respectively (node 1 and 5 have been
chosen as representative of local interaction, graphs
of the dynamics on all the nodes for all the runs are
presented in the supplementary material). Note the
differences between global and local dynamics.
Species can abandon a certain node for some period
of time due to intra- and/or interspecies competition
(i.e. prey on node 1 at run 1) but may persist on other
connected nodes, thus fostering global survival (i.e.
total prey on the network during run 1). Moreover, if
nodes are connected, temporary extinction on a node
is also possible, as shown in Fig. 3d. The greater
fluctuation of both species that occur on a local scale,
compared with what happens to population trends at
the network level, is due to migration, a local
phenomenon (e.g. Fig. 2a and b for run 7, and
Fig. 3a and b). Figure 3 displays selected runs from

Fig. 2 with shorter time intervals for magnified
viewing of some of these dynamics.
Table 2 contains the internal species parameters
used, the corresponding values for the metrics of the
whole network, while Table 3 contains the centrality
measures for nodes, 1 and 5, for the 8 representative
runs. Figure 2 and Tables 2 and 3 show, in general,
that a positive correlation exists between connectivity
level and long-term coexistence; as we progress from
run 1 to 8, the number of edges increase and so does
the possibility for coexistence. However, between
runs 4 and 6, where the network contains 30 to 35
edges, the predator population becomes variable. In
run 4 (30 edges), the predators are able to coexist
while they fall victim to early extinction in runs 5 (30
edges) and 6 (35 edges). All three intermediate runs
consist of similar network metrics (avgeg of 0.833,
0.826, and 0.889 respectively), and so, the reason for

Fig. 2 Dynamics of the model for 8 select runs. These runs
represent the total regime of dynamics under the parameter
space explored. Global (network) dynamics (a) and local

(node) dynamics (b, c). Parameter values, network and node
centralities are presented in Tables 2 and 3. Network population levels are divided by 10
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Fig. 3 Dynamics of the model for select runs, from Fig. 2, on
shorter time intervals (to magnify visuals). a and b represent
run 7 at the global and at the local scale (network vs node 1),
where local oscillations are more amplified. Differences in the
time-scale used are necessary in order to clearly visualize the

patterns. c represent a magnified visual of the high fluctuation
that occur in run 5, while d is a magnified representation of
predator–prey dynamics on node 5 of run 8, where temporary
local predators extinction occur

Table 2 Parameters for selected runs graphically represented in Figs. 2a, 3a and c
General
run

Internal species parameters
E

Network metrics (global-scale)

n1

n2

Pr,1

Pr,2

Pm,2

Pk,2

DU,1

DL,1

DU,2

avgel

avgeg

gcc

1

0

27

15

0.28

0.25

0.09

0.21

0.626

0.238

0.359

0

0

0

2

5

28

16

0.3

0.21

0.1

0.19

0.793

0.252

0.4

0

0.133

0.3

3

10

45

14

0.24

0.21

0.04

0.2

0.578

0.258

0.598

0.397

0.375

0.8

4

30

33

18

0.28

0.25

0.06

0.2

0.701

0.346

0.3

0.892

0.833

1

5

30

42

16

0.31

0.2

0.03

0.24

0.856

0.217

0.392

0.898

0.826

1

6

35

46

18

0.28

0.31

0.09

0.12

0.545

0.349

0.346

0.934

0.889

1

7

40

39

13

0.23

0.12

0.01

0.27

0.664

0.33

0.484

0.959

0.944

1

8

45

40

13

0.34

0.16

0.08

0.24

0.58

0.248

0.475

1

1

1

Note: 8 runs representative of the different dynamic regimes of the parameter space. This table summarizes the values of the internal
species parameters and metrics of the whole network for the 8 runs

the variable dynamics stem from internal species
parameters. The predation rate of predators in run 6
(Pk,2 = 0.12) is about half the value in other runs, as
a result, the predators reproduce slowly due to
inefficient hunting and stay at relatively low levels
until sudden extinction. The early dynamics of runs 4
and 5 are almost identical; increased predation rates

(Pk,2 = 0.20 and 0.24, respectively) means the predators are more effective at capturing prey and
boosting their population. It is this prey dependency
that leads to heightened predator oscillations as the
efficient hunters begin to migrate from one node to
another (if possible) in search of prey. The predator
population in run 4 outlive that of run 5 due to the
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Table 3 Node-centrality measures for selected runs graphically represented in Figs. 2b, c, 3b, d
General

Node metrics (local-scale)

Run

Ni

clos

cde

1

1

0

0

1

5

0

0

2

1

0.2

0.104

2

5

0

0

3

1

0

0

3

5

0.509

0.457

4

1

0.643

0.668

4

5

0.9

0.87

5

1

0.9

0.876

5

5

0.9

0.876

6
6

1
5

0.9
0.75

0.894
0.806

7

1

1

0.977

7

5

1

0.977

8

1

1

1

8

5

1

1

interplay between the movement thresholds of the
prey. Note the reduced oscillations in run 4 versus run
5 on the network level in Fig. 2a. Compared to prey
in run 5, the prey population in run 4 migrate to other
connected nodes when its current node is less
crowded with prey or more crowded with predators,
this amounts to less variability in the ‘boom-bust’
cycles of the predator population.
The richness in dynamics that occur on each node,
and the network as a whole, do depend on the internal
species parameters. Nonetheless, various network
metrics allow us to draw some conclusions on the
usefulness of a ‘‘corridor’’ or networked landscape
approach. On average, well connected (or more
central) patches enhance the probability of coexistence between predators and prey, independently
from the different dynamics that arise across the
broader parameter space analyzed.
Internal parameters such as reproduction, predation, death rates and active movement behaviour are
crucial in allowing coexistence in the long-term, and
give rise to different dynamic regimes as depicted in
Figs. 2 and 3. Independent from internal species
parameters, alteration of the landscape by connecting
different patches or enhancing the centrality of
particular patches still strengthens the probability of
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coexistence between predator and prey species (figures, parameter values, network metrics and nodecentrality measures for all the selected runs are
provided in the supplemental material). In short,
increasing connectivity matters, this is noticeable in
run 3 of Fig. 2b and c. In this run only the
connectivity properties of the nodes differ, leading
to quick extinction of predators on node 1 while
connectivity leads to a longer persistence of predators
on node 5.
The importance of node-centrality is visualized in
Fig. 4, where the behavior of average population
levels for the last 1000 time-steps is evaluated based
on node-centrality measures. Given the stochastic
nature of the model, we smoothed the data relative to
predator and prey population levels using locally
weighted regression of predator and prey population
on the node-centrality measures used. Additionally,
we truncate the regression results so as to discard
negative population levels. Basically, LOESS
smoothing methods allow us to fit a low-degree
polynomial regression to a subset of the observed
data, giving higher weights to points nearby and
lower weights to points further away from where the
dependent variable is being estimated (see Cleveland
1979 and Cleveland and Devlin 1988). The weights
given to distance between points of the independent
variable follow the tricube weighting function, which
assigns weights as follows:
8

< 1  j xj3 3 forj xj\1
wðxÞ ¼
ð1Þ
:
0 for j xj  1
The use of smoothed data allows for a better
understanding of the relationship that exists between
node-centrality and population levels of predators and
prey.
Spearman correlations between population levels,
internal species parameters and connectivity measures have been computed (see supplementary material). Using rank-correlations allow us to further
assess the important relation that exist between
population levels with and the connectivity measures.
Looking at node-centrality measures gives us a better
understanding of local connectivity properties of a
node, and consequently, the importance of that node
from an ecological point of view as shown in Fig. 4,
where the direct effect of measures of network
connectivity on species population levels is
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visualized. Predators are the more dynamic species in
this model as shown in Figs. 2, 3, and 4. In addition
to the high variation in the predator population due to
prey dependency and delayed growth, data collected
and analysed suggests that low node/network connectivity contributes directly to predator extinction
both locally and globally. For example, as supported
by Fig. 4, we see that an increase in local network
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connectivity, as measured by closeness centrality,
promotes survival and coexistence of both species.
When closeness approaches 1 the population of both
species begin to stabilize. A fully connected network
(i.e. a network with 45 edges) represents a fully
connected landscape. If a fully connected landscape,
under the range of parameter values considered,
promotes coexistence and convergence towards a

Fig. 4 Relation between
node-centrality and
population levels of
predator and prey per node.
Raw (the average
population level of the last
1000 time-steps) and
smoothed (resulted from the
LOESS regressions)
predator and prey
population levels are
reported on the y axis, while
node-centrality measures
are represented on the x
axis. Graphs are drawn on
the same scale
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Table 4 Logit regression results
Indep var

Local extinction
(1)

clos

Global extinction
(2)

(3)

(4)

(5)

3.505 (0.023)*

cde

3.436 (0.023)*

avgel

3.204 (0.023)*

avgeg

3.140 (0.022)*

gcc

3.910 (0.029)*

Pseudo R

0.179

0.178

0.157

0.152

0.167

Class

67.90%

68.79%

67.08%

67.49%

67.51

AIC

1.130

1.129

1.166

1.172

1.149

Note: clos = closeness centrality, cde = (clos ? deg ? el)/3, avgel = average local efficiency, avgeg = global efficiency,
gcc = giant connected component. Standard errors in parenthesis, * = significant at 1% level. 100000 observations, McFadden
adjusted R2 is reported as well as the probability of correctly classifying the dependent variable given the parameter estimates (Class).
Akaike Information Criterion is reported (AIC)

viable population level (as shown in Fig. 4), is,
theoretically, closeness centrality (or, more generally,
node-centrality) a significant measure for assessing
the probability of coexistence between species in
general?
In order to answer this question, data on predator
population extinction for different measures of network connectivity has been collected. Extinction of
predators is recorded, at the node and network level
so as to assess how node-centrality and network
metrics affect the probability of predator survival.
The metrics used are real numbers that take values
from the closed interval [0,1]. Our dependent variable
is a dummy variable that assumes value 0 if predators
go extinct in the first 4000 time-steps on a specific
patch and 1 otherwise.
The results of the logit regressions are reported in
Table 4. Logit regressions have been calculated for
additional node-centrality and network metrics, all of
which are relevant for locally regulating dispersal of
agents (i.e. all the metrics used have the same
ecological meaning) (Estrada and Bodin 2008), and
are reported in the supplemental material. Results are
similar given the high correlation that exists between
the metrics used.
Centrality measures provide a means to assess the
probability of local survival of predators on a
heterogeneous landscape, with closeness centrality
having the strongest effect (magnitude of the coefficient) on survival probabilities as shown in Fig. 5,
where predicted probabilities at specific closeness
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Fig. 5 Predicted predator survival probability (y axis) vs
closeness centrality and cde (x axis)

centrality values and at specific cde are reported.
Predator survival probabilities gradually increase
depending on connectedness of the network, and no
abrupt changes occur. Our results seem to indicate
that even without controlling internal species parameters, enhancing the connectivity between different
patches increases the probability of coexistence
between predators and prey. Moreover, looking only
at one patch (node) a value of closeness centrality
higher than 0.65 (or a value of cde [0.67) leads to a
favourable probability ([0.5) of survival.
For nodes with closeness centrality equal to zero,
the probability of predator survival is low as they are
unable to disperse to any other nodes in search of new
prey sources and, likewise, replenishment of their
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current prey source is also impossible from outside
sources. It is important to stress that a favourable
probability ([0.5) of survival for the predators does
not guarantee species persistence. At some point, the
predators may still die out, though this time to
extinction grows longer as increased connectedness
of the patches and heightened feasibility of migratory
movement for both predators and prey decreases the
odds of predator extinction. It is also important to
remember that even highly connected patches do not
guarantee coexistence. Internal species parameters
might be of fundamental importance in allowing
persistence of a species, and this is well represented
by our results, which demonstrate that even in fully
connected landscape networks, where centrality
measures reach their maximum value, 1, the probability predator survival is only around 0.77.
Global survival probability is best predicted by gcc
(i.e. if we look at the percentage of nodes belonging
to the giant connected component we have the
highest probability of correctly inferring global
predator survival probability), although other network
metrics give similar estimates. Being connected, for a
landscape network, is important as it allows species
more freedom of movement and enhances their
ability to migrate in search of food and safety.
Global efficiency and the average local efficiency of
the landscape networks examined also play an
important role in assessing these probabilities. Both
measures are related to the ability of the networked
landscape to aid in species diffusion.
The importance of connectivity for increasing
global survival probabilities is clear from the analysis
performed. Both local and global survival probabilities gradually increase by increasing the level of
connectivity at the node and at the network level.
When the network is connected (i.e. when all its
nodes belong to the giant component), global survival
probabilities are enhanced, although, given the
importance of internal species parameters, there is
always a chance that even the most well connected
network leads to some species extinction.
We assessed the robustness of our model results by
conducting similar analyses in different types of
networks. We first analyzed the same ABM using a
random network, varying the number of edges from 0
to 45. The results are qualitatively the same as those
presented here. Next, we explored the ABM using the
same ‘‘geoproximity’’ network but with fixed
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parameters at the mean values used in this study,
while varying the number of edges and reconfiguring
the network structure. We find similar results,
although in this latter case, network centrality
measures play a major role in determining predator
survival probability (logit regression show a correct
classification of over 90% compared to the 65%
presented here). Moreover, at mean values, an
increase in closeness centrality from 0 to 0.2 leads
to an increase in predator survival probability from
0.09 to 5.79%, while an increase of closeness
centrality from 0.2 to 0.4 leads to an increase of
survival probability from 5.79 to 80.66%, thus
suggesting the existence of ‘‘connectivity thresholds’’
for species with certain reproduction, death and
predation rates. Lastly, using mean values, favourable
survival probabilities (i.e.[0.5) arise at a much lower
level of closeness centrality (0.333 instead of 0.65).

Discussion
Understanding the ecological consequences of habitat
fragmentation is becoming increasingly important,
given the mounting pressure of human population and
the possible effects of climatic changes. Addressing
possible effects of fragmentation on predator–prey
dynamics becomes crucial for biodiversity conservation. In this context, our study highlights three main
findings. First, at high levels of node-centrality for
different patches, the predators move so rapidly
through the fully connected network that low prey
numbers in any specific node do not hamper their
population growth. In other words, predators become
a successful population of migrants constantly moving in search of patches where it is easier to find,
attack, and feed on prey. Second, increasing connectivity benefits both predator and prey species however, the maximum population for both species
occurs at different levels of connectivity. Third, the
results from the ABM match theoretical expectations
from corridor ecology (Hilty et al. 2006).
The first finding demonstrates that the connectivity
of a landscape gains importance to predators as they
become increasingly dependent on movement
through different patches (ecological areas) due to
range requirements (Coppolillo et al. 2004). Jaguars
present a real world example of predators with large
ranges that are highly dependent on movement
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between different patches, as landscape connectivity
is essential for their survival (Ortega-Huerta and
Medley 1999; Michalski and Peres 2005). Loss of
prey is the driving force that leads predators to move
between patches in the model presented here, and the
possibility of migration is a key aspect for their
survival.
The second finding is that both predator and prey
species benefit from living in globally central patches
(i.e. with high closeness centrality) as shown in
Fig. 4. However, the maximum population of prey is
reached, on average, at lower closeness centrality
levels compared to predators. Prey benefit from the
constraints imposed on predator movement since they
can enhance their number as the risk of predation and
the use of anti-predatory strategies decreases. The
reintroduction of gray wolves in North America and
the resultant decline in elk population densities
provides a real world example of our model results.
Increasing connectivity, and living on globally central and locally central patches, enhances the probability of coexistence between prey and predators. In
this instance the ‘top-down’ process of predation
keeps prey populations in check while allowing for
coexistence which is fundamental for the maintenance of biodiversity (Terborgh et al. 1999).
Additionally, the study presented confirms the
general theory behind the corridor ecology approach
(Hilty et al. 2006) as stated above. Here, conservation
centers upon connecting different patches rather than
constructing isolated protected areas or islands of
conservation. Moreover, it is important to notice how
internal species parameters, such as reproduction
rates, death rates, predation rates and active decision
regarding migration, have a significant effect upon
population levels. However, while human management of the connectivity between different patches is
possible, altering species internal parameter on a large
scale is not (at least with present-day technology).
To conclude, the results of the effect of increasing
connectedness between patches on predator–prey
dynamics can lead to different ways to manage a
given landscape. Although we recognize that a simple
network may hide important variables that drive
predator–prey dynamics in reality, our simple network representation still allows for a coarse-grained
assessment of which management strategies lead to
set managerial goals. We are fully aware that
strategies of managing landscapes differ according
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to the management objective, and further research is
currently underway to explore possible landscape
management strategies, where predators and prey
dynamically interact.
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