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Supplementary Information

I. NETWORK ANALYSIS

Network construction

Construction of the GCSN is based on the Sea-web data base (www.sea-web.com), containing ship arrival and
departure records, as well as data on ships’ physical characteristics, in the calendar year 2007. From the 58,056 ships
in the data base we select the 24,375 ships bigger than 10,000 GT, which comprises 42% of all ships in the data base
and more than 90% of the total cargo capacity (measure in dead weight tonnage DWT). From these we further select
all 16,363 ships for which AIS are available in 2007 (comprising 28% of all ships in the data base and about 58% of
the world’s total cargo capacity).

Each ship trajectory consists of a list of visited locations, which can be ports, port terminals or anchorage areas.
Thus, a specific port will usually be listed with different references, since a ship can visit several of the ports’ terminals.
As we are interested in the interaction between ports, different terminals of the same port are uniquely referred to
by the port name (we followed the terminology of the portguide database www.portguide.com) so that each port
is represented by a single node in the network (technically speaking, we performed vertex contractions among the
terminals until we obtain only one node). Anchorage points are removed from the list of visited places as they do not
provide new information about the interaction of ships between ports.

After this preprocessing of the data base, each trajectory of a ship consists of a list of S port calls during the
calendar year 2007 sorted by date. For each such trajectory we generate an associated small network with N nodes
and L links, where each visited port is represented by a node and a directed link connects two visited ports according
to the ship movement. As a ship, in general, can travel the same link many times during the considered period of
time, the number of distinct links can be smaller than the number of port calls, L ≤ S. The links in a trajectory
are directed and can be weighted either by the number J of times the ship sailed between the same ports during the
study period, or by the cumulative gross tonnage (GT) that crossed the link in the considered time window, i.e. J
multiplied by the ship’s gross tonnage.

Networks, corresponding to larger ensembles of vessels, are generated by merging all single ship networks for a
particular class of fleet. To merge an ensemble of subnetworks we generate a new network, comprising all ports and
links in the subnetworks. If a link is present in more than one of the subnetworks, its weight in the merged network
is the sum of all weights of this link in the subnetworks.

Clustering coefficient

To determine a clustering coefficient in a directed network we calculate the clustering coefficient ci of a node i as

ci =
Ei

ki(ki − 1)
, (1)

where ki is the number of neighbors of the node i, and Ei is the number of directed connections that exist between
the ki neighbors. Two nodes are considered to be neighbors if there exists at least one directed connection between
them [1]. The clustering coefficient C for the whole network is obtained by averaging ci over all nodes of the network

C =
1

n

∑

i

ci. (2)

Observing Ck, the clustering coefficients in relation to node degree (Fig. 1), one can observe that nodes of small
degrees are more strongly clustered than nodes of higher degrees. This indicates that hubs are connected with many
relatively isolated ports, whereas ports with few connections are more heavily interconnected with their neighbors.
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FIG. 1: Degree dependent clustering coefficients C(k). Values of ci (see eqn. 1) are averaged over intervals of 10 degrees and the size of
the dots indicates the number of nodes combined for each interval.

Nearest neighbors’ degrees

For closer examination of the network’s structure and influence of the frequency of traffic along different routes, we
calculated the average nearest neighbors’ degrees knn and kw

nn for the unweighted and weighted GCSN, taking into
account the network’s directedness [2]

knn(i) =
1

kin
i

∑

j∈Ni

kout
j (3)

kw
nn(i) =

1

sin
i

∑

j∈Ni

wijkout
j . (4)

In accordance, we define the neighborhood Ni of node i as the set of nodes j with connections directed to i. In Fig. 2
the values of knn and kw

nn are plotted as a function of the indegree of the related nodes, revealing additional indications
of a hubs-spokes structure [3] of the cargo ship network. The unweighted GCSN, on the one hand, shows signs of
disassortativity (decreasing knn with indegree), i.e. ports with many links are mostly connected with less linked ports.
For the weighted GCSN, on the other hand, kw

nn increases with kin, indicating network assortativity. This means that
ports with many strong links (hubs) are, by weight rather than number of links, on average more strongly connected
with other hubs. Concluding, the GCSN seems to have an underlying structure of strongly interconnected hubs that
are weakly connected to a large number of small regional ports (spokes or feeders [3]). In that way transportation
is optimized in such a way that goods are quickly carried between large ports and shipped further to their, often
regional, destination ports.

Motif structure

To determine motif distributions of networks, the software package MFINDER has been used [4].
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FIG. 2: Nearest neighbors’ degrees of the unweighted (red dots) and weighted (blue dots) cargo ship network in relation to indegree kin.
The size of the dots indicates the number of nodes that have been used for the average values of knn or kw

nn
in intervals of indegrees of 10.

Regularity index

We define a “regularity index” p to characterize the regularity or mode of operation of a ship’s trajectory, i.e. to
measure to which extent the ship is operating periodically on some predescribed service route rather than moving
randomly between the ports. Consider a ship calling S times at N distinct ports and traveling on L distinct links. The
regularity index is based on the average frequency freal with which the ship crosses the links during the considered
period of time

freal =
S
L

=
1

L

L∑

i=1

fi, (5)

where fi is the number of journeys across link i. Given a fixed number of port calls S, high values of freal arise if a
ship is crossing the same links many times, hinting at a regular service route. In contrast, a small value means that
the ship crosses many links only a few times - an indication of a rather random mode of operation.

The measure freal is still ambiguous as it is affected by the number of steps that the ship has taken. Therefore we
compare the mean number of journeys of the real trajectory, freal, to the link usage fran of an ensemble of randomized
trajectories with the same number of nodes N and port calls S. We construct a random trajectory by starting at
an arbitrary port and choosing randomly between the other possible ports in order to make a step. This process is
repeated S times, creating a contiguous trajectory (each new link starts where the previous one ended). In this way
we create an ensemble with M randomized trajectories and define fran as the ensemble average

fran =
1

M

M∑

j=1

1

Lj

Lj∑

i=1

fji, (6)

where Lj is the number of distinct links used by the randomized trajectory j (note that in general Lj will be different
from L) and fji describes the number of journeys across link i in trajectory j. For normalization one can use the
standard variation σran which indicates the variation of the frequencies fji.

To quantify the difference between real and random trajectories, we calculate the Z score, i.e. the difference between
the two mean frequencies, measuring their distance in units of standard deviations

p =
freal − fran

σran
. (7)

The index p is a measure for the regularity of the trajectory. If p is close to zero the trajectory cannot be distinguished
from a random walk among the ports, whereas with larger values of p the movement of the ship is increasingly regular.
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Port bc in 1000 ships port calls k s (million GT)

1 Panama Canal 74.55 3224 12719 733 422.4
2 Suez Canal 45.27 3516 7632 686 406.1
3 Shanghai 39.46 4156 12882 564 404.8
4 Singapore 31.06 3190 11875 524 489.5
5 Antwerp 30.71 2268 7447 603 245.6
6 Piraeus 25.59 916 2535 358 83.7
7 Terneuzen 23.14 1877 5218 534 161.3
8 Plaquemines 22.81 2166 8449 496 269.7
9 Houston 21.87 1629 3504 487 103.7
10 Ijmuiden 20.48 1057 3879 487 129.7
11 Santos 19.90 1490 3826 513 119.2
12 Tianjin 16.73 2450 5152 415 169.4
13 New York & New Jersey 16.68 1510 4495 462 189.7
14 Europoort 16.44 1148 4080 464 147.3
15 Hamburg 15.79 1287 4015 430 176.6
16 Le Havre 15.07 1102 3865 422 163.1
17 St Petersburg 14.88 472 1506 343 30.0
18 Bremerhaven 14.02 1025 4004 353 156.4
19 Las Palmas 13.42 764 2008 408 54.2
20 Barcelona 12.71 1015 5043 376 177.5

TABLE I: The 20 most central ports in the GCSN, their betweenness centrality (bc), the number of different ships that pass this port
per year, number of times this port is called by all ships, degree (k), and strength (s).

II. BETWEENNESS CENTRALITIES IN COMPARISON

Characterization of the full GCSN

In the main text we have listed the most important ports of the GCSN according to their betweenness centralities.
In Table I we additionally list their betweenness values and related measures of port size and importance. The table
shows that ports that handle many ships or have high degree, in general also have a high betweenness centrality. On
the other hand, a port may have a rather small node strength s and still be very central (e.g. Piraeus). One possible
explanation is that such a port has many weak links that function as local hubs.
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Container ships Bulk dry carriers Oil tankers
rank Port bc in 1000 Port bc in 1000 Port bc in 1000

1 Shanghai 11.76 Panama Canal 40.00 Singapore 30.09
2 Vlaardingen 11.76 Shanghai 29.71 Panama Canal 20.33
3 Panama Canal 10.95 Suez Canal 23.83 Europoort 18.41
4 Singapore 9.94 Plaquemines 23.51 New York & New Jersey 13.98
5 Jebel Ali 8.72 Santos 18.30 Suez Canal 13.85
6 Algeciras 6.97 Tianjin 12.82 Houston 11.31
7 Le Havre 6.63 Durban 11.51 Shanghai 11.18
8 Barcelona 6.13 Terneuzen 11.38 Ijmuiden 10.18
9 Bremerhaven 5.83 St Petersburg 11.19 New Orleans 8.80
10 Hamburg 5.72 Lianyungang 9.47 Wilhelmshaven 8.63
11 Tacoma 5.44 Qingdao 9.36 Fos 8.22
12 Malaga 5.29 Houston 9.25 Ventspils 7.00
13 Antwerp 4.83 Las Palmas 9.21 Maasvlakte 6.81
14 Suez Canal 4.73 Antwerp 8.77 Corpus Christi 6.11
15 Santos 4.16 Guangzhou 8.37 Jebel Ali 5.91
16 Rotterdam 3.99 Riga 7.03 Chiba 5.67
17 Piraeus 3.99 Yuzhny 6.90 Benicia 5.65
18 Busan 3.64 Novorossiysk 6.88 Jebel Dhanna/Ruwais 5.41
19 Felixstowe 3.59 Kaohsiung 6.63 Antwerp 5.38
20 Colombo 3.22 Ijmuiden 6.61 Long Beach 4.50

TABLE II: The 20 most central ports in the different network layers of different ship types and their betweenness centrality (bc).

Different ship types

Other interesting aspects regarding the betweenness centralities become evident by comparing these values for the
three ship type specific networks (see Table II). This allows for example to deduce which of the ports are more
important for oil trade, which for bulk dry and which for container goods. Interestingly the importance of the two
main canals, the Suez Canal and Panama Canal, shows much variation between the ship types. This is plausible
because, for example for container ships, there are, in comparison, less direct links between the Suez Canal and other
ports, as they stop at several, usually coinciding, ports on their route.
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FIG. 3: Examples of distances between ports (Bremerhaven ↔ Yokohama ↔ Houston). Ships are assumed to move around the
continents, with the Suez and Panama canals as the only exceptions.

III. DISTANCES TRAVELED IN THE GLOBAL NETWORK OF CARGO SHIPS

Calculating ship distances

Calculating distances between two ports is not a trivial matter. The spherical shape of the earth complicates some
of the equations: the shortest path between two points on a sphere is not a line, but a “geodesic”, a segment of a
great-circle arc. To make matters worse, ships cannot always travel along the geodesic if it is blocked by land (i.e. a
continent or an island) or ice. To calculate effective distances, one has to consider all obstacles and find the shortest
way around them.

As a first step in this calculation, we rasterized the world’s coast lines. The coordinates along the coasts were
treated as vertices of a so-called visibility graph: pairs of vertices were connected by edges if and only if the geodesic
between the vertices is entirely on water. (We assume for simplicity’s sake that the northernmost latitude free of sea
ice is 69◦ N and the southernmost latitude 62◦ S.) To determine the edges, we parametrized the geodesic, stepped
along the curve in small discrete steps, and determined at each step if the corresponding point on the geodesic is on
water. Each edge was assigned the great-circle distance, R arccos(cos φ1 cos φ2 cos(λ1−λ2)+ sin φ1 sin φ2), where R is
the earth’s radius (6371 km), and λ1(2) and φ1(2) are the longitude and latitude of the vertices at the end points. Then
the shortest paths between ports were determined with Dijkstra’s algorithm. Undoubtedly, more elegant algorithms
exist [5], but this technique was sufficiently reliable for our purpose.

Examples of calculated ship routes are shown in Fig. 3. Note that we permit transit through the Panama and Suez
canals, a reasonable assumption for all but the very largest ships. A list of pairwise port distances is available upon
request from the authors.

Characterization by gravity models

An important question in transportation forecasting is how distances influence the number of trips between ports.
Several classic studies in economics have proposed “gravity models” where the frequency of trips [6] or the volume
of trade [7, 8] decays as a function of distance. Following along these lines, we use the doubly constrained gravity
model [9] to fit the observed distribution of ship traffic. The number of ships per year from port i to j is treated as a
flow Fij on the network of all possible port connections and is assumed to have the form

Fij = aibjOiIjf(dij) (8)

where Oi is the total flow out of port i and Ij the total flow into port j. The distance deterrence function f(dij)
describes the level of interaction if the distance between the ports is dij . The coefficients ai and bj have to be chosen
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FIG. 4: Kendall’s τ as a function of the exponent β and cutoff distance κ in the distance deterrence function. The dashed lines indicate
the parameters at maximum τ .

such that the calculated flows Fij are consistent with the actually observed total in- and out-flows, thus

ai =




∑

j

bjIjf(dij)




−1

, (9)

bj =

(
∑

i

aiOif(dij)

)−1

. (10)

This system of non-linear equations can be solved by iteratively putting an approximate solution for all ai into Eq. 10
and the new solution for all bj back into Eq. 9 until all coefficients converge.

The flows Fij are uniquely determined by Eq. 8–10 (unlike the coefficients ai, bj). To prove uniqueness, we first
show that Fij can be regarded as a local minimum of the function [10]

X(F) =
∑

ij

Fij [log Fij − log f(dij)− 1] (11)

subject to
∑

j

Fij = Oi,
∑

i

Fij = Ij , (12)

where F denotes the set of all flows. The Lagrange function takes the form

L(F, a, b) = X(F)−
∑

ij

{log(aiOi)(Fij −Oi) + log(bjIj)(Fij − Ij)} , (13)

where log(aiOi) and log(bjIj) are the Lagrange multipliers. The stationary points of L are determined by

∂L
∂Fij

= log Fij − log f(dij)− log(aiOi)− log(bjIj) = 0, (14)
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FIG. 5: The average in-flow Ireal
nn

and I
grav
nn versus the total out-flow of the ports in the analyzed data set. The lines in the

double-logarithmic plots are least-squares fits (764.5 · Oi
0.1854 for Ireal

nn
and 2848.9 · Oi

0.0084 for I
grav
nn ).

which is equivalent to Eq. 8. Because X(F) is strictly convex and the set F satisfying Eq. 12 convex, there is exactly
one local minimum of X and, hence, the gravity flows are unique.

In this article, we have chosen the deterrence function as a truncated power law

f(dij) = dij
−β exp(−dij/κ). (15)

The quality of the model for a given exponent β and cutoff distance κ is assessed in terms of Kendall’s rank correlation
between the calculated flow Fij and the actual number of ships between i and j in 2007. Fij was rounded to the nearest
integer; all pairs of calculated and observed flows were cross-tabulated in exponentially increasing bins (cf. Fig. 6b in
the main text). The strongest correlation is obtained for β = 0.59 and κ = 4900 km (Fig. 4).

A histogram of the number of journeys binned by distance in 500 km intervals shows indeed striking similarities
between real data and the gravity model for these parameters (Fig. 6a in the main text). In particular, the gravity
model performs considerably better than a null model that preserves the total number of journeys, but with completely
random movements between ports. However, if journeys over similar distances are not aggregated, even the gravity
model possesses only limited predictive power. In Fig. 6b in the main text, we compare the observed and predicted
flow on each link. While ideally all data points would align along the diagonal, there is substantial scatter on both
sides of it. For example, on the link from Antwerp (Belgium) to Calais (France) the gravity law predicts 200 journeys
whereas none are observed. Conversely, zero journeys are predicted between Harwich (UK) and Hook of Holland
(Netherlands), but 644 were actually recorded. The rank correlation is, accordingly, even at its optimum value only
moderate (τ = 0.433).

Part of the problem is that the gravity model does not correctly reproduce the correlations between the flows
at the origin and destination ports of the journeys. Let us define the average in-flow at ports connected to i as
Ireal

nn (i) =
∑

j NijIj/Oi and Igrav
nn (i) =

∑
j FijIj/Oi, respectively. Plotting Inn as a function of Oi (Fig. 5) reveals

a clearly positive correlation in the real network, but hardly any correlation in the gravity model. This result is
corroborated by calculating the rank correlation coefficients between the out-flow at the port of origin and in-flow at
the destination for links drawn randomly in proportion to the number of journeys Nij and Fij . For the real network
τ = 0.157 whereas for the gravity model τ = 0.047. The correlations are thus positive in both cases, but considerably
stronger in the real data.

Looking back at the equations defining the gravity model, this feature is not entirely unexpected. If the network
was not spatially embedded, i.e. if f(dij) = const., the gravity flows would be given by Fij = OiIj/T where
T =

∑
i Oi =

∑
j Ij is the total flow through the network. In this case, the out- and in-flow at the start and end of a
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journey become completely uncorrelated as can be seen by considering the averages 〈I〉, 〈O〉 and 〈IO〉,

〈I〉 =
∑

ij

FijIj/
∑

ij

Fij =
∑

ij

OiIj
2/

∑

ij

OiIj =
∑

j

Ij
2/T (16)

〈O〉 =
∑

i

Oi
2/T (17)

〈IO〉 =
∑

ij

FijIjOi/
∑

ij

Fij =




∑

j

Ij
2

∑

i

Oi
2



 / T 2, (18)

and noticing that 〈IO〉 = 〈I〉〈O〉. The only way in which correlations can enter the gravity model is through a
non-constant distance deterrence function f(dij), in other words through the relative positions of the ports. All other
correlations, for example a genuine tendency for ports to connect to ports of equal size, disappear.
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IV. MODEL SELECTION FOR DEGREE AND WEIGHT DISTRIBUTIONS

One central aim for the characterization of broad scale distributions of, for example, network degrees is to quantify
whether such distributions are consistent with a power law or whether different distributions (such as exponential or
log-normal) are more appropriate. The classic approach to identify which distribution best fits a given set of data
is to simply assess the quality of a linear regression in a log-log plot of the logarithmically binned data. If it is a
sufficiently close fit, it is often concluded that the distribution coincides with a power law P (x) = x−γ , and that the
slope of the regression curve is an appropriate estimate of the exponent γ. This approach has, however, recently been
shown to often wrongly favour power laws and an alternative methodology has been developed and introduced to
power law fitting [11, 12]: model selection by Akaike weights and nonparametric estimation of the model parameters
by maximum likelihood.

To strengthen our results concerning the forms of the distributions of the degree P (k), link weight P (w) and node
strength P (s) (see Fig. 2 in the main text) we calculated the Akaike weights wi for these distributions in the GCSN and
each of the three ship-type specific networks. We investigated the strength of evidence for the power law distribution

and two alternatives: the exponential P (x) = λ exp(−λx) and log-normal distribution P (x) = exp(−(log x−µ)2/(2σ2))

xσ
√

2π
.

Akaike weights were always very distinctive, one of the distribution types revealing 0.98 ≤ wi ≤ 1. In Table III
we specify the preferred distribution for each network and measure. If it is a power law, we additionally provide the
maximum likelihood estimate of the exponent µ̂ or η̂, respectively, with its standard deviation.

network degree k link weigth w node strength s
P (k) γ̂(SD) P (w) µ̂(SD) P (s) η̂(SD)

GCSN exponential - power law 1.49 (0.00) power law 1.17 (0.01)
container ships exponential - power law 1.36 (0.00) power law 1.18 (0.01)
bulk dry carrier exponential - power law 1.64 (0.01) log-normal -
oil tanker exponential - log-normal - power law 1.21 (0.01)

TABLE III: Best fit functions for the degree, link weight and node strength distributions selected by Akaike weights. For power law
distributions also the maximum likelihood estimates of the exponent are given with standard deviation (SD).

Agreeing with our previous results, the Akaike weights for the degree distributions favor the exponential. Thus,
in contrast to other real-world networks, the degree distribution of the cargo ship network does not conform with
strict scale-free behavior. The results for the link weight and node strength distributions also strengthen our previous
results. The weight distributions for the GCSN, the container ship and bulk dry carrier networks show clear power
law behaviour with exponents µ̂ a little smaller, but of similar order as the regression estimates µ. For the oil tanker
network, P (w) is, however, best described by a log-normal distribution. This may be related to the large confidence
interval of the according regression slope. A similar picture becomes apparent for the strength distributions. All but
the network of bulk dry carriers reveal power law distributions of their node strengths, the exception again coinciding
with a large confidence interval of its regression estimate. The maximum likelihood exponents η̂ are slightly larger
than the regression estimates, still they are very small, indicating a rather big number of very strong nodes or very
busy ports, respectively.
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FIG. 6: Typical evolution of population densities in the stochastic network model. In this scenario, only Bergen hosts a population at
t = 0. At later times, other ports are invaded. In the inset, we show the initial population dynamics in Hamburg. Several failed invasion
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V. A DYNAMIC MODEL OF SHIP-MEDIATED BIOINVASION

Invasions of alien species in a new ecosystem generally proceed in three steps: (I) the introduction from their native
habitat, (II) the establishment in their new environment, and (III) proliferation [13]. We have developed a single-
species model for the dynamics of marine bioinvasions caused by the exchange of ballast water that takes these three
factors into account. (I) Population is exchanged between ports in proportion to the number of journeys, either based
on AIS data or the gravity model. (II) In each port, the population experiences demographic stochasticity, rendering
most attempts to establish stable colonies from an initially small number of invaders unsuccessful. (III) Established
populations grow logistically.

Logistic growth of a population P with additive noise follows the stochastic Verhulst equation [14]

dP
dt

= rP (1 − P ) +
√

P ξ(t), (19)

where r is the growth rate and ξ Gaussian white noise [22]. For very small populations, corrections to logistic growth
are expected because of Allee effects, i.e. reduced per capita growth rates [15]. In our model, we assume that the
species becomes extinct below a minimum viable population ǫ = 10−5. As we solve Eq. 19, we thus distinguish two
cases. Above ǫ, we integrate Eq. 19 with the standard Euler method. Below ǫ, P is replaced by zero,

P (t + ∆t) =

{
P (t) + rP (t) [1− P (t)] ∆t + σx(t)

√
P (t)∆t if P (t) > ǫ,

0 otherwise,
(20)

where x(t) are independent random numbers drawn from the standard normal distribution N (0, 1). The parameter
σ determines the strength of the stochastic fluctuations. For the simulations presented in this article, we have chosen
r = 1.0 year−1 and σ = 0.02 year−1/2. With these parameters, populations near ǫ are frequently wiped out, but the
fluctuations are not strong enough to destabilize established populations (Fig. 6). These conditions are realistic for
most invasive species [16]. Because of the positive threshold ǫ, the integration scheme of Eq. 20 is never dominated
by the noise term for sufficiently small ∆t, making the integrator insensitive to the exact choice of the time step. We
have compared ∆t = 1 day and ∆t = 1 hour and found no noticeable difference in the results.

To model the geographic dispersal of the species, we consider the local populations Pi in each port i coupled by
the number of ship journeys Nij between ports i and j per year. (In the gravity model, Nij is replaced by Fij .) We
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assume that the frequency of journeys during one integration step is Poisson distributed with mean Nij∆t. After
each integration step, we determine for each link the number of journeys which have occurred. The species is pumped
into the ballast tank and survives the transport with probability ptrans = 0.01. If there are survivors, a fraction
s = 4 · 10−5 of the population at the port of origin is released at the ship’s destination and subsequently develops
according to Eq. 20. The parameters ptrans and s were chosen to yield a per-ship-call probability of initiating invasion
of approximately 4.4 · 10−4, the value stated by Drake & Lodge [17].

Simulations are started with a population concentrated at only one port k where the species is endemic:

Pi(t = 0) =

{
1 if i = k,
0 otherwise.

(21)

In pseudo-code notation, the calculation proceeds as follows:

t← 0.0 � Initialize time.
for all ports i � Initialize populations.

do if i = k
then Pi ← 1.0
else Pi ← 0.0

extinction← 0 � Count extinction events to calculate per-ship-call
probability of initiating invasion later on.

while t < tmax
do

� First integrate the local population dynamics of Eq. 20.
for all ports i

do if Pi > ǫ � Integrate Verhulst equation.
then x ∼ N (0, 1) � Gaussian deviate.

Pi ← Pi + rPi(1− Pi)∆t + σx
√

Pi∆t
if Pi ≤ ǫ � Population below threshold.

then Pi ← 0.0
extinction← extinction + 1

� Then simulate transport between ports.
n ∼ Poisson(ptrans ·∆t ·

∑
ij Nij)

for k ← 1 to n � Journeys with survivors in ballast tank.
do Draw connection i′ → j′ with probability Ni′j′ /

∑
ij Nij .

if s · Pi′ > ǫ � Arriving population above threshold?
then Pj′ ← Pj′ + s · Pi′

else if Pi′ > 0.0 and Pj′ = 0.0
� New arrivals die out.

then extinction← extinction + 1
t← t + ∆t � Increment time.

� At the end, calculate per-ship-call probability of initiating invasion pinv.
� Let I be the number of invaded ports, i.e. ports with Pi > ǫ. Then
pinv ← ptrans · I/(I + extinction)

Although the parameter set used in the presented simulation produces pinv close to the value stated in Ref. [17],
the combination of parameters ǫ, r, σ, ptrans, and s is by no means unique in this regard. The lack of field data does
not allow reliable estimates of these parameters individually. Therefore, the simulation results should be interpreted
as only one out of several conceivable scenarios. The predicted invasion speed, in particular, is at the most a crude
estimate. However, the qualitative difference between AIS data and the gravity model, shown in Fig. 7 of the main
text, was a recurring feature in our simulations even for different parameters and for slightly different models.

The algorithm presented here is similar to “metapopulation models” in the epidemiological literature, where the
spread of human infections through passenger traffic is treated as a combination of stochastic disease dynamics at the
nodes (e.g. airports) and population exchange along the links (flights) [18–21]. These models have benefitted greatly
from reliable empirical data, allowing estimates of crucial epidemiological model parameters. As more ecological data
become available, we are optimistic that biological invasion processes can also be modelled in greater detail in the
future. Because of their recent success in epidemiology, we believe that stochastic network models, like the one we
have presented here, can serve as the starting point to predict bioinvasion risks.
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[21] V. Colizza, A. Barrat, M. Barthélemy, and A. Vespignani. The role of the airline transportation network in the prediction

and predictability of global epidemics. Proc. Nat. Acad. Sci., 103:2015–2020, 2006.
[22] Conventionally, there is an additional factor K for the carrying capacity in the first term on the right-hand side of Eq. 19,

i.e. dP/dt = rP (1−P/K) +
√

Pξ(t). By setting K equal to one, P is measured in units of K. This normalization is better
suited to the situation modelled here because there are no empirical data for the carrying capacities at the ports.


