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Abstract. The transport of huge amounts of small aquatic organisms in the ballast tanks and at the hull
of large cargo ships leads to ever increasing rates of marine bioinvasion. In this study, we apply a network
theoretic approach to examine the introduction of invasive species into new ports by global shipping. This
is the first stage of the invasion process where it is still possible to intervene with regulating measures.
We compile a selection of widely used and newly developed network properties and apply these to analyse
the structure and spread characteristics of the directed and weighted global cargo ship network (GCSN).
Our results reveal that the GCSN is highly efficient, shows small world characteristics and is positive
assortative, indicating that quick spread of invasive organisms between ports is likely. The GCSN shows
strong community structure and contains two large communities, the Atlantic and Pacific trading groups.
Ports that appear as connector hubs and are of high centralities are the Suez and Panama Canal, Singapore
and Shanghai. Furthermore, from robustness analyses and the network’s percolation behaviour, we evaluate
differences of onboard and in-port ballast water treatment, set them into context with previous studies
and advise bioinvasion management strategies.

1 Introduction

Biological invasions are geographical expansions of a
species into areas not previously occupied by it. This is
a natural process. However, lately bioinvasion events oc-
cur at extremely accelerated rates due to human actions,
sometimes by deliberate introductions, but often acciden-
tally [1–4]. Such increased rates of bioinvasion greatly
threaten biodiversity and ecosystem functioning world-
wide [5,6]. Additionally, they cause damages of human fa-
cilities, impact the economy, and pose unpredictable haz-
ards to our health and livelihood [7–9]. Bioinvasion is a
three stage process consisting of the introduction, estab-
lishment and proliferation of the invasive organisms [1,10].
Introduction is the stage where man can still intervene
and the prevention of bioinvasion events may be possible.
However, this phase of bioinvasion is least studied up to
now [11], which motivated us to conduct the present study.

Bioinvasion of marine organisms is leading to an ever
increasing level of homogenisation of the world oceans’
ecosystems [12,13]. In some cases the introduction of
exotic species has even caused habitat destruction and
ecosystem degeneration, e.g. the introduction of Caulerpa
taxifolia in the Mediterranean [14] and the pronounced
fishing declines after invasion of Mnemiopsis leydii in the
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Black Sea [15]. There are different vectors by which ma-
rine bioinvasive organisms can be spread. A large number
of small organisms is transported by cargo ships between
the ports of the world, mainly due to two different mecha-
nisms. First, organisms can be transported over large dis-
tances by the exchange of ballast water [16]. It has been es-
timated that 3 to 4 billion tons of ballast water are released
into the world’s oceans per year [17]. Thereby, plankton,
larval molluscs and small fishes travel within these huge
amounts of ships’ ballast water and are released again
when the ballast water is discharged at destination ports.
Plankton samples from several cargo ships from Japanese
ports e.g. contained at least 367 different taxa [17,18]. For
bioinvasion success one has to consider that most species
are very sensitive to oxygen depletion in the ballast wa-
ter tanks and high salinity of open seas water [3,18,19].
Second, besides the transport by ballast water exchange,
a large number of invasive organisms can also be attached
to the ships’ hulls and thus be transported into new habi-
tats [20]. Approximately 90% of the present world trade
is being transported by ships and trade volumes increase
greatly every year [21,22]. Therefore, a huge number of
large cargo ships travel the world’s oceans at ever increas-
ing rates, thereby advancing levels of marine bioinvasion.
For containment thereof the applicability of several ballast
water management and anti-fouling options are presently

Konstanzer Online-Publikations-System (KOPS) 
URL: http://nbn-resolving.de/urn:nbn:de:bsz:352-2-ahrgxnical7c0

Erschienen in:  The European Physical Journal B ; 84 (2011), 4. - S. 601-612 
https://dx.doi.org/10.1140/epjb/e2011-20228-5



602

discussed more or less controversially [23,24]. Ballast wa-
ter may e.g. be chemically cleaned in the ships’ tanks,
exchanged in the open sea or pumped safely through wa-
ter exchange facilities of certain ports. A third, important
way of marine bioinvasion is introduction by aquaculture.
However, here we want to focus on and examine ocean
shipping as the main vector of transport of marine bioin-
vasive organisms.

In this letter we apply techniques from complex net-
work theory to study the potential for bioinvasive spread
in the network of global shipping connections and to iden-
tify important donor and recipient ports. Network the-
ory has become a widely applied and rather diverse field
of study in physics, social sciences, transportation, ecol-
ogy and epidemiology [25–27]. In several studies habitat
patches were modelled as nodes that are linked by dis-
persal events. The spread of SARS during 2002/2003, for
example, has been reasonably well reproduced simulat-
ing propagation dynamics on the worldwide airport net-
work [28]. Many different measures have been developed to
characterise real-world networks and applied to a variety
of systems [29]. Often unexpected properties were revealed
and similarities and differences to other networks became
obvious. So, for example, in various large and very com-
plex networks (i) pairs of nodes are connected by paths
of only few consecutive links and (ii) nodes are locally
densely clustered. These two properties have been sum-
marised as “small world behaviour” [30], indicating that
any pair of nodes is surprisingly well connected.

The global network of shipping connections, similar to
other transportation networks, is a typical example for
a geographically embedded network [31]. Recently, Drake
and Lodge [32] have developed a global network of ship
traffic from information on the inflow and outflow of goods
in a number of ports worldwide based on gravity models,
i.e. assuming spatially homogeneous trade flows [33]. A de-
scription in terms of gravity models however is necessarily
crude since world trade and ship traffic are very hetero-
geneous, much influenced by cultural and political issues
(see also [34]). Nevertheless, this network has been used
in combination with the worldwide airport network [35]
and climate information for studying disease dispersal by
global traffic [9]. For improvement maritime shipping net-
works were reconstructed that take into account real ship-
ping data [36–38]. In particular, we and others developed
the global cargo ship network (GCSN) from real cargo
ship trajectories based on Automatic Identification Sys-
tem (AIS) data [38]. Beside some overall structural sim-
ilarities we find several differences between our network,
the GCSN, and the shipping network developed from grav-
ity models. Already the number and list of ports differs
greatly. For example, there are many important ports
that have not been included in [32], since the list of ship
trade [39] that was used is not complete. On the other
hand there are a number of ports that are not present in
the GCSN, mainly African ports. However, when consid-
ering the small amount of trade that is transacted through
these ports, they may not be very important for large scale
consideration of bioinvasion by ships. Thus, we propose

that the GCSN is more appropriate for quantification and
analysis of marine bioinvasion by ballast water transport
and hull fouling.

In this study we examine structural and spread char-
acteristics of the directed GCSN by applying a selection
of network measures. These measures include character-
istics such as small world properties, network efficiency
and assortativity, but also consider measures that indi-
cate community structure, port centrality and network
robustness. We explain how these measures allow asser-
tions about invasion spread and extract preliminary in-
dications of the importance of different ports and trade
structures for bioinvasion. Furthermore, we quantify how
node deletions, i.e. application of ballast water treatment
in ports, can affect bioinvasion spread on the GCSN and
which transmission rates are of concern. Applying net-
work measures for bioinvasion predictions and evaluation
has the advantage that no complicated models have to be
developed and no costly and time consuming field stud-
ies be conducted. Thus, already by simple examination of
transportation vector networks, preliminary indications of
spread characteristics can be derived for decision making
authorities.

2 Methods

Because of the strong sensitivity of invasion success to
travel conditions and propagule pressure it is very im-
portant to consider travel frequency and the duration of
transport. Therefore, we consider it crucial to analyse
the weighted cargo ship network for indications of the
structural importance and dynamical properties of marine
bioinvasive spread. In some cases we additionally anal-
ysed the unweighted and even the geographically embed-
ded network for comparison. Many links in the GCSN are
unidirectional, i.e. the network is highly asymmetric [38].
As this may be important for the patterns of spread, we
retain the directionality of the GCSN for all analyses.
Since most network measures have been developed for un-
weighted networks (but see e.g. [40]), we provide a sum-
mary of characteristics that are useful for spread analyses
in directed, weighted networks (see Tab. 2).

2.1 Small world characteristics

One of the most important network properties for trans-
portation is its connectivity. A quantitative concept of
such a characterisation was introduced in [41]. It is based
on directed topological or geographical distances between
nodes and includes calculations of the local and global
efficiencies, Eloc and Eglob, and the network cost c (see
Tab. 1). High local and global efficiencies in combination
with low cost indicate small world behaviour. This defini-
tion differs from the classical concept of small worlds (see
above, [30]).

We calculated efficiencies and network cost for the
topological as well as the geographically embedded GCSN,
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Table 1. Global and local efficiencies and network cost for the topological and geographically embedded GCSN. In each
formula n is the number of nodes in the network G. Gi is the subnetwork of neighbours of i and σij are the shortest paths
between nodes i and j. Different measures of pair distance are the length of the shortest topological path |σij |, the length of
the shortest geographically embedded path |σgeo

ij | and the waterway shortest distance dij . aij are the elements of the adjacency
matrix, aij = 1 if there exists a link from i to j, aij = 0 else.

Network measure Topological network Geographically embedded network

Global efficiency Eglob = E(G) =
1

n(n − 1)

∑

i6=j∈G

1

|σij |
Egeo

glob = Egeo(G) =
1

n(n − 1)

∑

i6=j∈G

1

|σgeo
ij |

Local efficiency Eloc =
1

n

∑

i∈G

E(Gi) Egeo

loc =
1

n

∑

i∈G

Egeo(Gi)

Network cost c =

∑

i6=j∈G

aij

n(n − 1)
cgeo =

∑

i6=j∈G

aijdij

∑

i6=j∈G

dij

where each node is characterised by its geographical posi-
tion. This indicates how well connected the ports are, how
long travels take and if it is possible for bioinvaive organ-
isms to reach them. Geographical distances between ports
were estimated as shortest sea travel routes, following the
methods developed in [38].

2.2 Assortativity

Another characteristic of network structure and possible
spread is the assortativity knn,i of node linkages. It de-
termines the correlation between the number of ingoing
links (indegree) into node i and the average of its neigh-
bours’ mean number of outgoing links (outdegree) [42]. We
calculated this relationship for the unweighted as well as
the weighted GCSN. For the weighted assortativity, kw

nn,i,
links’ weights were integrated (see Tab. 2a and [43]). A
positive relationship, i.e. positive assortativity, indicates
that nodes are mostly connected to neighbours with a
similar number of links. For the large scale structure of
the network this implies clustering into several strongly
intertwined groups of nodes [44,45]. On the contrary, neg-
ative assortativity, also called disassortativity, indicates
that strongly connected ports are connected mostly to less
well-connected nodes, and the network has a relatively
homogeneous, star-like structure [46]. Furthermore, the
comparison between the unweighted and weighted nearest
neighbours’ degrees shows if nodes of high or low strength
are clustered together and how degrees and strengths
of neighbours correlate [40]. This indicates if bioinvasive
spread concentrates on groups of strongly connected ports
only or if organisms can quickly spread through the whole
network.

2.3 Network community structure

A detailed analysis of the community structure [47] of
the GCSN provides further insight into its transportation
characteristics. The optimal network communities are ob-
tained by minimising the network’s modularity. This is

defined as the proportion of links that fall within com-
partments of the considered network compared to that
expected in an equivalent random network (see Tab. 2b).
In [48] an algorithm was developed that incorporates the
directionality of links of directed networks in the parti-
tioning method. This is appropriate and applied here for
calculating the communities of the weighted GCSN. For
comparison, note that the community structure of subnet-
works of the unweighted GCSN has been presented in [38].

Additionally, we characterised the members of each
community of the weighted GCSN according to its role
based on its intra- and intercommunity connections. On
that account we calculated the within-community degree’s
z-score of each node and its participation coefficient (see
Tab. 2b and [35,49]). The participation coefficient de-
scribes how many of a node’s links are connected only
within its community or also to nodes of other communi-
ties. The phase plot of the within-community degrees and
the participation coefficients provides a simple approach
to distinguish nodes into provincial hubs, connector hubs
or non-hub connectors [50]. In the light of bioinvasion one
can conclude from these measures between which ports
there is regular, strong exchange of organisms, which ports
function as hubs globally or within their community and
which ports are the most important for spread of invasives
outside of their community.

2.4 Network node centralities

Small world networks usually contain a giant component
that is a strongly connected subnetwork of the majority of
all ports, i.e. there is a directed path between any pair of
nodes [51]. This is the case for the GCSN. It has 951 nodes,
935 of which comprise the giant component [38]. In the
following section we consider properties of the nodes of
the giant component only.

Centrality of a network addresses the issue of which
nodes are most important for the structure and dynam-
ical characteristics of the network [51]. According to the
question of what is considered important there are a num-
ber of different centrality measures; the three most widely
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Table 2. Network measures for the characterisation of the directed, weighted GCSN. (a) Formulae for the calculation of the
nearest neighbours’ degrees for the examination of assortativity in the unweighted and weighted network. wij is the weight of
the link from i to j, kin

i and kout
i are the number of in- and outgoing links (in/outdegrees) of node i, and sin

i and sout
i the

cumulative weights of in- and outgoing links (in/outstrength). (b) For modularity calculations m is the number of links in the
network G, δij the Kronecker delta and ci the label of the community to which node i belongs. ςi is the sum of the weights of all
links that connect node i to nodes in its community ci. ς̄ci

is the mean ς over all nodes belonging to community ci and SD (ςci
)

is the corresponding standard deviation. ςic represents the summed weights of the links of node i to nodes in any community c.
(c) Formulae for centrality measures further contain the largest eigenvalue λ of the weight matrix and shortest weighted paths
σw

jk between j and k (link distance is set to 1/wij). The shortest path length is |σw
jk| and {σw

jk} is the number of paths of
shortest length between j and k in general and {σw

jik} the number of paths passing node i on their way from j to k. α is the
proportion of unidirectional connections between pairs of ports and w̄i· the mean weight of outgoing links from i. (d) Variables
for calculating cluster size growth R0 are the transition rates r per year and link or unit weight (here per 16,232 GT, the mean
value of all included ships), α, in- and outdegrees and -strengths, and the mean outweight from i, w̄i·. For the critical transition
to global spread, R0 = 1, r is the percolation threshold.

Network measure Definition
a

Nearest neighbours’ degree (unweighted) knn,i =
1

kin
i

∑

j∈Ni

kout
j

Nearest neighbours’ degree (weighted) kw
nn,i =

1

sin
i

∑

j∈Ni

wijs
out
j

b

Modularity Q =
1

∑

i∈G

sin
i

∑

i,j∈G



wij −
sout

i sin
j

∑

i∈G

sin
i



 δci,cj

Within-community degree z-score zi =
ςi − ς̄ci

SD (ςci
)

Participation coefficient Pi = 1 −
Nc
∑

s=1

(

ςic

si

)2

c

Eigenvector centrality xi =
1

λ

∑

j∈G

wijxj

Closeness centrality cci =
∑

j∈G

|σw
ij |

Betweenness centrality bci =
∑

j,k∈G

#{σw
jik}

#{σw
jk}

R0 centrality rci = αsin
i sout

i + (1 − α) sin
i

(

sout
i − w̄i·

)

d

Cluster size growth R0 = r

α
∑

i∈G

sin
i sout

i + (1 − α)
∑

i∈G

sin
i

(

sout
i − w̄i·

)

∑

i∈G

sin
i

used ones are presented here (see Tab. 2c). Additionally,
we develop a new measure of centrality, the R0-centrality,
that is especially suited to characterise the general pos-
sibilities of spread on a network (see below). For each of
the four centralities we provide a distribution of the pro-
portion of ports, weighted by centrality, situated in each
of the six continents. Finally, we examine the correlations
of the four centrality measures, using rank correlation by
Kendall.

One centrality that has been widely used for character-
ising spread is the eigenvector centrality x [52,53]. Going
beyond simple measures of node degree and strength [25],
that count the number of links of each node or sum its

weights, respectively, the eigenvector centrality addition-
ally considers that not all links of a node are equally im-
portant. It incorporates a recursive dependency of a node’s
centrality on the average centrality of its neighbours (see
Tab. 2c). Applied to invasive spread, ports with many well
connected neighbouring ports are considered to be most
relevant.

Two other measures of centrality that are widely used
in social studies are closeness centrality and betweenness
centrality. Both are based on the set of shortest directed
paths between all pairs of ports. For the weighted network
we use shortest paths with respect to the link distances
proportional to the inverse weight, 1/wij , with wij being
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the cumulated cargo capacity of ships travelling through.
Shortest paths then minimise the sum of these distances.
Thus, links that are heavily frequented are related to a
“shorter” distance, and bioinvasion along those routes is
more likely. Closeness centrality cc [54] for each port i
is the reciprocal of the average of shortest path lengths
from i to all ports j 6= i. It points out from which, and
to which, ports invasive organisms can spread quickly.
Betweenness centrality bc [55] is the number of shortest
paths between all pairs of nodes that pass through node
i (Tab. 2c). Ports that are most “between” are especially
important for guaranteeing short paths and high connect-
edness. If they are deleted, shortest path lengths increases
and bioinvasion spread will slow down.

Finally, we developed a new centrality measure
of spread from percolation theory [56] that we de-
note as R0 centrality rc, with rci = αsin

i sout
i +

(1 − α) sin
i (sout

i − w̄i·). It is split into two terms according
to α, the proportion of unidirectional, as opposed to bidi-
rectional, links in the network. In the bidirectional case
the subtraction of w̄i·, the mean strength of outgoing links
of i, is necessary to account for ineffective back-infections
to the donor node(s). In networks with only unidirectional
links rci = sin

i sout
i , thus R0 centrality is fully characterised

by the in- and outstrengths of a node. The R0 centrality
is derived from the cluster size growth R0 (Tab. 2 (c, d)),
being proportional to each nodes’ contribution to it. It is
negatively related to the percolation threshold r∗ (see be-
low and [57]) that is the transmission rate above which
spread through the whole network is likely within a cer-
tain time interval. In contrast to the other centralities, the
R0 centrality is a local measure, depending on a node’s in-
strength and outstrength only. It is a general characteris-
tic and measures how much each node and its neighbours
contribute to the possibility of global spread, for example
of bioinvasive organisms, through the network.

2.5 Network robustness and percolation

In the following, we use network theory to examine how
different ballast water management and anti-fouling op-
tions affect bioinvasion. First, we analyse error and attack
tolerances [58] of the GCSN. This means that we delete
nodes and all their links one by one and examine the size
of the giant component of the remaining network. In anal-
ogy to error tolerance we select the nodes to be deleted in
random order, while for attack tolerance analyses we con-
secutively delete nodes of maximum degree or strength.
If the networks are more sensitive to selective deletions
than to random ones, bioinvasion could be slowed down
by equipping a certain proportion of the largest ports with
ballast water management devices.

Inspired by the results of Drake and Lodge [32] we
examined how invasive spread is determined by per ship
transmission intensity and how this is affected by node
deletions. For sensible quantitative predictions and com-
parability, in this simulation analysis we adjusted link
strengths of the GCSN multiplying them with a factor
of 1.72, because only ships comprising 58% of the global

cargo capacity had been available for network develop-
ment [38]. Average ship numbers for each link were calcu-
lated by dividing the link’s weight in gross tonnage (GT)
by the mean of all ships’ GTs. We calculated the aver-
age fraction of ports infected from one random, initially
infected port for the full GCSN (1000 simulations each)
and varied over a set of different per year transmission
probabilities r. Furthermore, we determined the critical
transmission probability, the percolation threshold r∗, for
which the cluster size growth R0 = 1. For transmission
probabilities above this value, r > r∗, the number of in-
vaded ports grows exponentially as ships travel the oceans,
and soon all will be invaded. However, if R0 < 1 and thus
transition rates r < r∗, bioinvasion spread will decrease
and diminish during the considered year. R0 is well-known
as the basic reproductive number in epidemiology [51,59].

To put the issues of transmission intensity decrease
and node deletion into perspective we calculated r∗ for
the GCSN under random and selective node deletion. This
provides indications of the magnitude in the reduction
of the transition probability per year and the number of
ports with ballast water treatment required for control-
ling bioinvasion. These results were compared to a specific
per ship transmission probability that has been estimated
from empirical data [32].

3 Results

3.1 Small world properties

Global and local efficiencies and network cost for the
plainly topological, but directed GCSN are Eglob = 0.43,
Eloc = 0.75 and c = 0.04. This reveals that network
topology very cost efficiently connects the ports of the
world [41]. The high value of Eloc points out that the
ship network is highly fault tolerant, i.e. failure of one
node will not much affect the efficiency of its neighbour-
ing nodes. Eglob indicates that the topological GCSN is
approximately half as efficient as a fully connected net-
work of the same size at a cost of only 4%.

Efficiencies and cost for the geographically embedded
GCSN are somewhat different, Egeo

glob = 0.99, Egeo
loc = 0.70

and cgeo = 0.22. It becomes obvious that, when consid-
ering the geographical locations of each port, the GCSN
is only 1% less efficient than an ideal ship traffic network
with a direct connection between each pair of ports. This is
very remarkable. The local efficiency Egeo

loc does not change
a lot and, in comparison to the topological network, error
tolerance is still given. The cost cgeo, in accordance with
the increased Egeo

glob, increased somewhat, but is still far

from the 100% for the fully connected network. The geo-
graphically embedded GCSN is practically as efficient as
the fully connected one at a cost of only 22%. Concluding,
one might state that the GCSN is a small world network.

3.2 Assortativity

The relationship between the indegree kin
i of each port i

and the average degree of its neighbours knn,i and kw
nn,i
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Fig. 1. (Color online) Degree correlations as signs of network
assortativity. Average nearest neighboursâ degrees of each node
of the unweighted (red dots) and weighted (blue dots) GCSN
(Tab. 2a) averaged over bins of size 10 for kin. Radii of the dots
indicate the sample size, i.e. number of different ports within
the respective bin.

(see Fig. 1) reveals that the global cargo ship network
is positively assortative. Especially up to port sizes of
kin = 70 there is a strong increase of knn,i and kw

nn,i.
Above that average neighbours’ degrees of the unweighted
GCSN seem to asymptotically approach a limit at around
knn = 70. This means that at this point larger ports
cannot obtain more links to other ports. Then, as can
be observed from the further growth of the weighted kw

nn

with kin, ports with extremely many connections are pref-
erentially linked with larger ports. The positive assorta-
tivity, and this special kind of it in particular, indicates
that the global cargo ship network contains several com-
munities, i.e. groups of strongly within-group connected
ports. The fact that kw

nn is always above knn underlines
that links with large weights are directed towards neigh-
bours with large degrees. This is emphasised by their av-
erages, 〈knn,i〉 = 52.21 < 〈kw

nn,i〉 = 81.68. Whether kw
nn

approaches a limit is not clear, because sample sizes for
ports with large indegrees are rather small.

In the parameter dependence of both measures (Fig. 1)
one can observe slight periodic behaviour, knn and kw

nn

showing a number of equidistant, local minima. This may
be another indication of the network’s structure and sizes
of its compartments.

3.3 Network community structure

The community structure of the weighted GCSN (Fig. 2a)
reveals that there are nine smaller groups and two large
trading communities. The large communities are the At-
lantic group including European and American coun-
tries and the Pacific group of Asia and Australia. Small
communities are specialised, often local trade routes
(e.g. West Africa-Argentina/Brazil) and ferry connections
(e.g. Dover-Calais). The phase plot of participation co-
efficients indicates which ports are especially important

for global and local network connectivity (Fig. 2b). Oil
ports at the coast of Louisiana as well as some ferry ports
in Europe fall into the group of provincial hubs. Many
large, well known and globally significant ports are con-
nector hubs, e.g. the Panama and Suez Canal, Shanghai,
New York & New Jersey, Singapore and Antwerp. Note
that the Panama Canal has a very high within-module
degree whereas the Suez Canal has an extremely high par-
ticipation coefficient, thus being very important for over-
all network connectedness. Some ports, like Santos and
Le Havre are nonhub connectors. They are not of a very
high within-module degree, but important to keep the
GCSN globally connected. Note that there are no kinless
hubs or nonhubs, i.e. ports the links of which are homo-
geneously distributed among all communities.

3.4 Network node centralities

The rankings of the ports of the weighted GCSN (Fig. 3)
highlight the 100 most central ports, according to each
of the four centrality measures. Furthermore, pie charts of
the weighted proportions of central ports in each continent
indicate centres of high shipping intensity. The Panama
and Suez Canal frequently appear in the top ten cen-
tral ports (see Tab. 3). This underlines their high im-
portance in topologically holding together the network.
Furthermore, Shanghai and Singapore are always among
the first ranks for whichever type of centrality. Singapore
is even first for three of the four kinds of centrality. One
can observe that there are always very few ports of Africa,
Australia or South America among the most central.

There are several differences between the most impor-
tant ports in respect to the four kinds of centrality. Ports
of highest eigenvector centrality that are important for
spread in the long term, are mostly situated at the Gulf of
Mexico. Closeness centrality, a more short term indicator
for invasive spread, reveals a more homogeneous distri-
bution of the most central ports. Among them are many
European, North American and Asian ports, with a slight
preference of ports in the Suez region. The high closeness
of this region to any other port underlines its importance
for keeping the two major components of the weighted
GCSN connected (see previous section). In terms of be-
tweenness centrality again Singapore, Shanghai and the
two big canals are most important besides a large num-
ber of ports in northern Europe. The R0 centrality pro-
vides somewhat intermediate results. Ports of highest R0

centrality are Shanghai, Singapore, the Suez and Panama
Canal, some ports at the Gulf of Mexico and several ones
in northern Europe (Tab. 3).

Rank correlations between all pairs of the four cen-
tralities are positive, 0.43 < τ < 0.82 (all p < 0.001).
The two largest ones are (i) closeness centrality and R0

centrality and (ii) eigenvector centrality and R0 central-
ity, emphasising that the R0 centrality is a measure that
incorporates several different notions of spread. Correla-
tions that involved betweenness centrality are lowest, the
mainly global character of this measure demarcating it
from the others.
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Fig. 2. (Color online) Community structure and representation of the roles of each port. (a) The 11 communities of the weighted
GCSN are shown in different colors. It becomes apparent that trading preferences and geographical distances basically determine
these communities. (b) Locations of ports in the phase-space of the z-score of within-module degree vs. the participation
coefficient P . The positions of the ports indicate their different roles for network structure and connectivity. Hubs always have
a high within-module degree and the larger the participation coefficient of a port the greater its influence on connecting the
different communities of the networks. Regions in this phase space are coloured according to [35] into provincial hubs (yellow),
connector hubs (brown), kinless hubs (grey), ultraperipheral (black), peripheral (red), nonhub connectors (green) and kinless
nonhubs (blue). The names of the largest hubs and some connecting ports are given.

3.5 Network robustness and percolation

The global cargo ship network is very robust to random
node deletions (Fig. 4a). Up to a fraction of 80–90% of
ports deleted, the size of the largest component decreases
almost linearly in steps of size one. Thus, if randomly
deleting any proportion less than 80% of all nodes the
leftover ports are still strongly connected to each other,
and spread of bioinvasive organisms through the remain-
ing network prevails highly likely. Against selective, or-
dered deletion of preferentially high degree (blue lines in
Fig. 4a) and high strength (red lines) nodes, respectively,
the GCSN is less robust. Interestingly, the effect of node
deletion, selected either by degree or strength, on network

connectivity is very similar. Figure 4a shows that the con-
nectivity of the giant component is only retained up to a
deletion of 35–40% of the most strongly connected ports;
else the whole network falls apart. Additionally, the slopes
of the red and blue lines are relatively steep. This means
that the network becomes disconnected quickly, losing its
strong connectivity already after removing a very small
proportion of the best connected nodes.

Results of network percolation (Fig. 4b) show how the
probability of global spread per year changes with different
transmission rates. With increasing transmission probabil-
ity per ship and year the fraction of infected ports grows
from 0 to 0.99, steeply increasing at transmission prob-
abilities slightly above the critical percolation threshold
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Fig. 3. (Color online) Top ports of different centrality measures of the weighted global cargo ship network. Each map shows
the positions and colour coded the ranks of the 100 highest ranked ports according to different centrality measures. They are
(a) eigenvector centrality, (b) closeness centrality, (c) betweenness centrality and (d) R0 centrality. The most central ports are
coloured light yellow and white. Insets depict the respective distributions of ports in the six continents weighted by the different
centrality measures.

Table 3. Top ten most central ports in terms of eigenvector, closeness and betweenness centrality and the novel R0 centrality.

rank Eigenvector centrality Closeness centrality Betweenness centrality R0 centrality
1 St Bernhard Port Singpore Singapore Singapore
2 New Orleans Suez Canal Suez Canal Panama Canal
3 Plaquemines Shanghai Shanghai Shangahi
4 Port of South Louisiana Port Said Panama Canal Suez Canal
5 Mississippi River Suez Maasvlakte Plaquemines
6 Houston Jebel Ali Gothenburg Antwerp
7 Panama Canal Busan Antwerp Busan
8 Barbours Cut East Port Said Zeebrugge New Orleans
9 Singapore Kaohsiung Le Havre St Bernhard Port
10 Shanghai Qingdao Bremerhaven Maasvlate

r∗ = 9.14 × 10−5. The proportion of infected ports never
reaches 1, because due to edge effects of data sampling a
subset of 10 ports has no ingoing links and cannot be in-
fected. They are Papenburg, Leer, Stralsund and Wolgast
in Germany, Marugame and Hashihama in Japan, Haikou
and Jinshan in China, Cagliari in Italy and Cekisan in
Turkey. The value of the percolation threshold is very
small, even below the transmission probability estimated
from empirical data [17,32], rDL = 4.4 × 10−4. The clus-
ter size growth for rDL in our network is R0 = 4.81. To
push rDL below r∗ for the full GCSN it would have to
be reduced by at least 1 − r∗/rDL = 79.2%. When ad-
ditionally nodes are deleted one by one, the percolation
threshold r∗ increases, in the beginning a little faster for
node deletion selected according to strength (Fig. 4c). The
increase is, however, very slow, and above deleting 40% of
all nodes there is no difference in r∗ between random and

selective node removal. This is a sign of high clustering
and local efficiency throughout the GCSN. To push the
threshold value r∗ above the estimated transmission rate
rDL by port deletions only, about 70% of all ports would
have to be deleted, even if by then any strongly connected
component of the network has fallen apart (see above).
An optimal combinations of node deletion and decrease of
transmission probability can be read off Figure 4c in sev-
eral ways. For example, when deleting 40% of the strongest
connected nodes r∗ would have to be reduced by more
than 53.3% to avert global spread.

4 Discussion

In this study we extracted novel information about ship
traffic structures and its indications for marine bioinvasion
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Fig. 4. (Color online) Robustness to node removal and critical
transmission probabilities. (a) Decrease of network connectiv-
ity with random and selective node removal. Presented are sizes
of the largest component after random node removal (black
lines), successive removal of nodes of highest degree (blue lines)
and successive deletion of nodes of highest strength (red lines).
For each scenario 100 samples were calculated. (b) Simulated
mean proportion of infected ports in the GCSN for different
transmission probabilities r per mean ship, i.e. 16, 232 GT.
For each r we averaged over 1000 samples, each time infection
starting in one random port. The critical transmission proba-
bility, the percolation threshold r∗, (red line) was calculated for
R0 = 1 and the by 1.72 adjusted node strengths (see Methods
and Tab. 2d). rDL (indicated by the blue line) is a probability
for transmission by ship, which has been estimated from em-
pirical data [32]. (c) Critical transmission probabilities r∗ for
the cargo ship network with successively deleted nodes; ran-
domly (black lines) and selective by strength (red lines). We
marked the transmission probability rDL estimated from data
with a blue dashed line.

by calculating several network characteristics of the global
cargo ship network. Our results point out that cargo ship
traffic is globally very efficient and the ports are closely
connected. This agrees well with other transportation net-
works [60,61] and previous results concerning the GCSN,
i.e. high clustering C = 0.49 and small topologically short-
est paths 〈l〉 = 4.4 [38]. Concerning bioinvasion this means
that the structure of the GCSN strongly supports quick
spread of invasive organisms, so that if species can estab-
lish in new habitats sooner or later a global homogenisa-
tion of marine ecosystems is likely. Such is even accelerat-
ing as global trade of goods is increasing at unprecedented
rates [21].

The efficiency and network cost measures that have
been applied here for the quantification of network connec-
tivity differ from the classical concept of small world deter-
mination [30], however the results nicely coincide [38]. The
efficiency-cost concept allows for a clear physical interpre-
tation of how well pairs of nodes are connected. They do
not regard the network links’ weights, but are calculated
for the purely topological, directed network and the ge-
ographically embedded one. For several invasion events
it has been suggested that not propagule pressure, but
mainly conditions in the recipient regions determine in-
vasion success [62]. Therefore, a simple examination of
pure network structure may reveal new insights of general
bioinvasion. Especially the optimized transport efficiency
on the geographical map of ports is impressive, as the
GCSN seems to be almost as efficient as a fully connected
network of the same size.

The positive assortativity of global shipping underlines
that large and well connected ports are strongly linked
to other large ones between which bioinvasive organisms
quickly spread. In this sense, port size is a good indicator
for invasibility and invasiveness. Positive assortativity also
indicates a distinct community structure of the GCSN, re-
sulting in more strongly pronounced spread within certain
groups of ports [63].

Community structure, as calculated by modularity
minimisation, underlines differences in the ports spread
behaviour. It is strongly influenced by intensive local ship
movement, as can be seen by the identified small, local
port communities. Often they are highly frequented by
ferries. Apart from that the GCSN contains only two very
large communities, an Atlantic group of ports and a Pacific
one. Two similar regions where large numbers of harmful
invasive marine species were present have recently been
determined in a metastudy [63]. Furthermore, the impor-
tance of different types of hubs is pointed out. Provin-
cial hubs that are mainly European ferry ports and US
oil ports at the Gulf of Mexico keep local passenger traffic
going and receive oil from off-shore. Bioinvasive organisms
that originate from them can be quickly spread through-
out their local community. Such local spread and its im-
portance for the establishment of bioinvasive organisms
has been examined e.g. at the US West coast [64]. Global
spread over large distances is basically propagated by
connector hubs. They are disproportionally important for
bioinvasion spread and coincide with the highly connected
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ports of Shanghai, Singapore, Antwerp, the Panama Canal
and Suez Canal. The importance of hubs for bioinva-
sion spread has been proposed already [65]. Consequently,
global as well as local connectivity is very high and inva-
sion spread likely to quickly advance.

The fact that the GCSN contains a giant compo-
nent [38] underlines that almost all ports are connected
with each other and thus are prone to bioinvasion. The
more specific centrality measures focus on various aspects
of spread through the network. They coincide well with
the results of the community structure analysis, but addi-
tionally reveal that some ports are only important for cer-
tain issues of transport, whereas others seem to be central
in any. The latter ones coincide well with the connector
hubs. Singapore, appearing first in the centrality rankings
three times, seems to be of special importance. This con-
forms with the fact that Singapore is currently, i.e. for the
year that the GCSN was constructed for, the world’s bus-
iest port in terms of total shipping tonnage and container
and crude oil transhipment [66]. Considering its position
at the Strait of Malacca it also provides the functions of a
canal, connecting the Pacific with the Indian Ocean. The
eigenvalue centrality ranking, revealing a concentration of
most central ports around the Gulf of Mexico, deviates
from these general findings. The accumulation of highly
connected ports at the South coast of Northern America
may be surprising, but can be explained by the intensive
oil transportation and trade between close ports within
this region. The large proportion of highly “between” and
“close” ports in Northern Europe indicates that they are
very well connected to a wide range of distant ports world-
wide, and that European ports are important as inter-
mediate transhipment ports on shortest routes. European
ports also contain among the highest numbers of harmful
invasive species [63].

The intermediate results by the novel R0 centrality
point out that this measure includes contributions of short
and long term global spread characteristics as well as con-
nectivity of each port. Thus, it provides a sufficient general
measure for spread in transportation networks. In future
work, the relations of R0 centrality to other network char-
acteristics, e.g. spectral properties, should be worked out.
It would be especially important to find out whether the
R0 centrality can be easily interpreted or possibly analyt-
ically assessed in particular network topologies, such as
random or scale-free graphs.

From the here determined different types of centralities
of the GCSN, the very importance and prospective effec-
tiveness of installing ballast water and antifouling man-
agement facilities in the named most central ports are ob-
vious. It may be surprising that Rotterdam, the largest
port in Europe, is not listed in Table 3. By developing
the GCSN Rotterdam’s different port terminals were not
merged and therefore count as own, single ports. Other-
wise, it would be among the most central ports.

The discussion about how to most effectively manage
marine bioinvasion [23,24] has been clarified somewhat.
Which of the several techniques and treatments to clean
ballast water and the large selection of antifouling-paints

is most effective to slow down bioinvasion? Drake and
Lodge [32] have directly compared if the exclusion of ports,
in-port treatment, or the reduction of transition rates per
ship, onboard treatment, more effectively decreased num-
bers of infected ports in their approximate ship network.
Their study indicated that a decrease in the transmission
rates of organisms by ships has a stronger effect than the
deletion of single ports from the network. The analysis
was rather case study like, only comparing three specific
spread scenarios. We find that this is not sufficient for
drawing general conclusions, however fits in the general
framework that we propose.

We applied distinct, general and quantitative methods
for the examination of effects of node deletion and the
modification of the transmission probability on network
connectivity and bioinvasive proliferation properties. Our
results of network robustness to node deletion are not port
specific, but quantitative and allow for general conclu-
sions. We found that the global cargo ship network cannot
be controlled by the application of treatment techniques in
a random set of ports. To this treatment it is highly robust.
However, similar to many other scale-free networks [58]
the GCSN is very vulnerable to the deletion of the most
strongly connected nodes. In line with this result one could
claim that the “deletion” of at least 40% of the largest
ports could substantially decrease spread of bioinvasive
organisms. However, this only means that most ports can-
not be reached from all other ones (strong connectedness),
but local and global spread is still possible. This was re-
vealed by our study of threshold percolation transmission
rates (see below). Ballast water treatment strategies might
furthermore be improved by using refined strategies to re-
structure the network, such as graph-partitioning [67].

We showed that there is a steep increase of spread in-
tensity from transmission rates that are insignificant to
those that facilitate global spread (percolation). The per-
colation threshold is quite low, but less than an order
of magnitude below the value estimated by Drake and
Lodge [32]. Therefore, in their study a decrease of r had a
relatively pronounced effect on spread. This is one of the
differences that might ultimatively be related to the sim-
plification of network topology imposed by gravity models,
i.e. fundamental differences in a network structure which
is approximated by gravity models (as done by Drake and
Lodge [32]) compared to the true network. Similar differ-
ences were found in [34] where the community structure
of a transportation network could not be reproduced by
using the gravity law ansatz; this might point to a general
non-applicability of gravity law in transportation networks
(see also [38]).

Here, we systematically quantified how much decrease
of the transmission probability per ship is necessary for
the inhibition of global spread. At least 80% of all inva-
sive organisms in ballast tanks have to be extinguished to
push rDL below r∗. Whether onboard ballast treatment
is that efficient remains to be seen. Therefore, it may be
useful to couple in-port treatment and onboard treatment
of bioinvasive stowaways. Our simulations of this situa-
tion show that a surprisingly high number of ports have
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to be treated for the percolation threshold to considerably
decrease. Selective treatment of strongest connected ports
has only a slight advantage, above 40% deletion being not
better than some random cases. Thus, it is not sufficient
to only apply ballast water and hull fouling treatment
in the 40% biggest ports, but a combination of in port
and onboard treatment is most promising. Another op-
tion may be to change the network’s topology. Such has
recently been proposed for mitigation of attack vulnerabil-
ity of e.g. traffic or electric power networks [68]. Of course,
topological changes of the GCSN may not be practicable,
especially because optimality of trade structures has to be
retained.

As a note of caution one has to add that here no in-
formation on habitat characteristics in the ports and geo-
graphical port distances are considered. On the one hand,
between very close ports many species may be exchanged,
but are often also native in the recipient port. On the
other hand, if conditions in very distant ports are ex-
tremely different, establishment of alien species may be
difficult. Thus, local homogenisation of species assemblies
and global bioinvasion are treated similarly here. In this
study, only the first stage of invasion, the introduction,
but not establishment and proliferation were evaluated.
As noted above, at this first stage it is most likely that
one is able to hinder bioinvasive spread and exert effective
control measures.

Concluding, we provide and apply a number of mea-
sures for the characterisation of directed and weighted net-
works in the light of invasive spread. We specified them
for examining the efficiency, structure and robustness of
transportation vectors, for the evaluation and prediction
of bioinvasion and, possibly, the spread of infectious dis-
eases. In the case of marine bioinvasion by cargo ships
we are able to point out which ports are most vulnera-
ble to and which are most strongly promoting invasive
spread. Furthermore, we quantified the robustness of net-
work connectivity and spread. These results provide first
indications for bioinvasion risk management. However, in
the light of the obtained insights one should now be able
to develop general population dynamics models includ-
ing species’ establishment and proliferation in the ports
(but see [62]). Additionally, one can examine the effects of
ballast water treatment in more detail and integrate spe-
cific environmental conditions into modelling. The global
cargo ship network provides a sensible framework for such
an examination of bioinvasion risk for management and
decision making.
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