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ABSTRACT

Although the world container shipping network (WCSN) has gradually been shaped with ever-increasing complexity in link evolution over
the last decades, its evolving mechanism remains to be unveiled. This motivates us to explore the evolutionary pattern of the WCSN, which
can be achieved by advancing the existing link prediction models. Using the k-shell decomposition method, the network hierarchy can be
decomposed and evaluated by four indices which are KS-Salton, KS-AA, KS-RA, and KS-LRW. The results show that the network hierarchy
depends largely on trade patterns and demonstrates certain geographic characteristics. Meanwhile, the KS-LRW index performs best and,
therefore, is further simulated for the future WCSN by predicting its top 1677 potential edges, which significantly enhances the overall
network connectivity and efficiency. These findings create profound implications for shipping companies to strategically reduce the trail cost
for new lines by analyzing the network data.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0056864

The shipping industry accounts for more than 80% of the
world’s cargo transportation, making an important contribu-
tion to the development of world trade and economy. Because
of the ever-increasing port calls and service frequencies, the
complexity of the world container shipping network (WCSN)
has greatly increased. This encourages the application of the
network theory to analyze the network topology and dynamic
characteristics of the WCSN. During the past few years, fruit-
ful achievements have been obtained. However, the WCSN is
continuously evolving through service adjustment, where route
exploration (adding new and/or removing existing links) plays
a strategic role for the competitiveness of liner shipping com-
panies. In this paper, we introduce the link prediction the-
ory to discuss the evolving mechanism of the WCSN. Link
prediction refers to predicting unknown connections in the
network and possible future connections through the given
information, including node and edge (link) attributes, net-
work structure, and other features. Since the attributes of the
container shipping network structure are widely evaluated, we
attempt to unveil the network structure of container shipping

from a hierarchical perspective. Through k-shell decomposition,
the WCSN is divided into 12 hierarchies, which are charac-
terized by sparse internal layers and close external links. The
hierarchical structure presents high correlation with trade pat-
terns and exhibits certain geographic characteristics. What is
more, based on the classic similarity indices in link prediction,
the network hierarchy is embedded to propose modified indices
as K-Shell-Salton (KS-Salton), KS-Adamic-Adar (KS-AA), KS-
Resource Allocation (KS-RA), and KS-Local Random Walk (KS-
LRW) is found to perform the best in predicting the potential new
routes in the WCSN due to its advantage in revealing the hierar-
chical and the random effect. The empirical analysis of the WCSN
is then conducted with the application of KS-LRW. Results show
that the predicted new connections exhibit the evolutionary pat-
tern of the WCSN and point out the potential directions to
improve the network efficiency. The findings in this paper can
strategically reduce the trial cost of shipping companies for new
service exploration and further promote worldwide trade part-
nership due to the interrelation between container shipping and
international trade.
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I. INTRODUCTION

Driven by the rapid development of international trade, con-
tainer shipping has grown fast and gradually formed the world
container shipping network (WCSN). As reported by Statista
(www.statista.com), the average annual growth rate of containerized
trade recorded nearly 5 percent over the past two decades, reaching
160 million twenty-foot equivalent units (TEUs) in 2019. Mean-
while, the world container fleet in 2019 stood at 5269 ships, and
container ports have sprung up in over 800 terminals worldwide,
which regularly receive more than 560 000 individual port calls from
fully cellular container ships per year (UNCTAD, 2019). Because of
the ever-increasing port calls and service frequencies, the complexity
of the WCSN has greatly increased. Particularly, the network fea-
tures vary with its structure and local pattern (e.g., node-to-node
interactions). Moreover, the network structure also evolves with
time, and the direction and weight of edges are in the process of
dynamic development (e.g., the increase of weights, the rewiring of
edges).

As observed, the WCSN is continuously evolving through
adding new links and/or removing existing links (hereinafter col-
lectively referred to as “link evolution”) due to various factors.
For example, Wilmsmeier and Sánchez (2010) pointed out that the
demand change in trade volumes (e.g., emerging markets) brought
more market opportunities in service upgrading. Rodrigue and
Ashar (2016) found that the opening of new channels changed the
route direction. Notteboom et al. (2017) discussed the impact of
shipping alliances on the reconstruction of the continental service
network, while Wan et al. (2018) investigated how the melting of sea
ice due to climate change potentially affected the polar route nav-
igation. In addition, Ge et al. (2019) discovered that the technical
revolution in mega-ship construction decreased the ship frequency
and port choice on the trunk route. Peters (2020) concluded that
the geopolitical issues put a burden on ship routing activities. To
adapt to the above managerial, environmental, technical, and polit-
ical changes, liner shipping companies may periodically (e.g., three
to six months) redeploy ships, change the sequence of calling ports,
and cooperate with other shipping companies (Meng and Wang,
2011). Basically, the goal of designing a liner shipping service net-
work is to minimize the operating cost for the given time efficiency.
Moreover, adding new routes or connections to the existing ship-
ping network usually requires more capital investments in building
new ships, setting up branches, recruiting crew, etc. Although there
is no guarantee of profitability due to market uncertainty, shipping
companies still show great enthusiasm for such exploring activities,
aiming to expand their market shares by securing a larger hinterland
and improve network connectivity to stay competitive compared
with their competitors (Cheung et al., 2020).

Due to its strategic role in affecting shipping companies’ com-
petitiveness, the link evolution problem not only receives consid-
erable attention from market participants but also raises important
questions with respect to the completeness and efficiency of the
existing WCSN: e.g., How to improve the overall network connec-
tivity? How to upgrade the service scale by considering the network
efficiency? Which shipping route could provide more opportunities?
Which port should be served more frequently? Nevertheless, these
issues have not been systematically dealt with in the existing studies

because it generally takes years to evaluate and run regular service in
a new shipping route, for example, the North Sea Route in the arctic
is still under exploration since 2009 (Wan et al., 2018).

Fortunately, the link prediction theory sheds light on analyzing
the evolving mechanism of the WCSN, which has been theoreti-
cally and empirically analyzed in the biological, social, and internet
networks (Schreiber and Schwöbbermeyer, 2005). Technically, in
a graph of the network, a link stands for the edge between two
nodes. Link prediction refers to predicting unknown connections
in the network and possible future connections through the given
information, including node and edge (link) attributes, network
structures, and other features. Likewise, the link prediction has also
been applied to transportation with emphasis on the evolution of
air transportation networks, which is found to perform high accu-
racy at the regional level (Klein and Randić, 1993 and Brin and Page,
1998). As pointed out by Liu and Lü (2010), the network structure
is an important geographical and economic determinant of predic-
tion accuracy, which can be influenced by the weak tie (Lü and
Zhou, 2010) and the short path (Yang et al., 2018) in networks.
Regarding the WCSN, however, research on link prediction has not
received sufficient attention, although it demonstrates advantages
in explaining the evolving mechanism of the network. This moti-
vates us to advance the existing link prediction models to explore
the evolutionary pattern of the WCSN.

This paper contributes to the existing research on the dynamic
behavior of the maritime transport network by providing a quantita-
tive method on link prediction of the WCSN, which can be achieved
in the following aspects. First, the existing link prediction methods
(see Appendix A) demonstrate limitations of prediction accuracy
due to the neglection of spatial constraints of the WCSN (Ducruet
and Zaidi, 2012). To overcome this, we explore the spatial struc-
ture of the WCSN by decomposing it into several hierarchies and
summarize the geometric distribution and characteristics of each
hierarchy. Second, the existing link prediction algorithm is advanced
in terms of modification on node attributes obtained from network
decomposition. The consideration of network structure narrows the
difference between model simulation and reality to enhance the pre-
diction accuracy. Third, the reconstructed WCSN brings significant
improvements in network connectivity and efficiency, providing
empirical evidence for shipping companies to strategically reduce
the trail cost for new lines or services by deciding which ports should
be connected or which lines should be served more frequently.

The rest of this paper is constructed as follows: Sec. II reviews
the literature on the static structure and dynamic behavior of the
maritime transport network. Section III introduces the methodol-
ogy and the modified models adopted in this paper. Section IV
presents the construction of the WCSN and its network characteris-
tics. Section V reports the simulation results and the link prediction
of liner services. Section VI concludes this paper.

II. LITERATURE REVIEW

In recent years, encouraged by in-depth findings of the net-
work theory, ever-increasing attention has been paid to its appli-
cation to the static structure and dynamic behavior of the WCSN
(Wang and Cullinane, 2016; Mallick, 2017; Liu et al., 2018a; 2018b;
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Wu et al., 2019; Cheung et al., 2020; Ducruet, 2020a; 2020b; and
Álvarez et al., 2021).

A. Static structure

The structural characteristics of the maritime transport net-
work are generally evaluated by using network parameters (Ducruet
et al., 2010a; 2010b; and Ducruet and Zaidi, 2012). Specifically,
depending on the adjacency matrices formed by different node
scales and attributes, the regional and global network structures can
be evaluated by the degree, network density, diameter, betweenness,
closeness, and other indices (Álvarez et al., 2021). This not only
proves the scale-free and small-world characteristics of the maritime
transport network but also provides a reference for evaluating the
importance of ports (Hu and Zhu, 2009; Ducruet et al., 2010a; 2010b;
Wang and Cullinane, 2016; Mallick, 2017; Liu et al., 2018a; and
2018b). For example, Ducruet et al. (2010a) and (2010b) conducted a
comparative study on the container shipping network in the Atlantic
region in 1996 and 2006 and concluded that the scale-free character-
istic gradually decreased with the emerging of new ports. Mallick
(2017) applied the social network analysis (SNA) and proved the
presence of scale-free and small-world characteristics of the port
network in South Asia. By considering centrality, Liu et al. (2018a)
and (2018b) extended previous studies to a weighted network and
discovered the “core periphery” pattern of the global maritime net-
work. Moreover, the scale-free characteristic also exists in specific
networks as cruise shipping and bulk trade (Mon et al., 2020 and
Kanrak and Nguyen, 2021).

On the other hand, the spatial structure of the WCSN has
been widely believed to contribute tocommunity detection, which
is naturally formed with geographic proximity. Due to geographic
separation, the hub and spoke mode leads to the dominance of a
regional hub in the local community (Kaluza et al., 2010; Wang
and Wang, 2011; Ducruet, 2020a; and 2020b). Using the k-means
algorithm, decomposition method, and stochastic block model, the
hierarchy of the maritime transport network can be further detected
by constructing a multi-layer network model (Bouveyron et al.,
2015 and Pan et al., 2019). At the regional scale, McCalla et al.
(2005) studied the structure of the maritime transport network in
the Caribbean region and found that the transshipment mode was
the driving force of the development of hub ports in forming the
port hierarchy. They further identified several central ports includ-
ing Colon, Panama (southwest) and Freeport and Bahamas (north).
By conducting a qualitative analysis regarding the reaction of the
network to the financial crisis, Laxe et al. (2012) concluded that mar-
itime degree and centrality determined the port hierarchy. At the
global scale, Ducruet (2013) pointed out that the global shipping net-
work had a multi-layer structure consisting of several types of cargo
ships and discovered that each layer had some key ports with global
influence. Zhao et al. (2014) identified the hierarchical structures of
hub ports as global, regional, and sub-regional scales. Furthermore,
they found that most of hub ports with global influence were in
East Asia. Li et al. (2015) geographically divided the global shipping
network into 25 regions and identified two layers according to the
degree centrality with Europe, Mediterranean, and Far East being
the first layer. Differently, as indicated by the betweenness centrality,
Europe was the first layer, followed by Mediterranean, Far East and

the East Coast of North America. It should be noted that although
Europe had always been the center of the global maritime trans-
port network during the study period 2001–2012, its central position
dominance had been declining and gradually shifting to the Far East.

B. Dynamic behavior

Unlike static structure focusing on rough network partitions at
the global and regional scales, dynamic behavior of networks shifts
attention to network stability and connectivity improvement and
demonstrates advantages in detecting the evolutionary pattern of the
maritime transport network. However, research related to network
dynamic behavior is still at a very early stage.

On the one hand, previous studies make great efforts to inves-
tigate the stability of network structure through explaining network
robustness and vulnerability (Ducruet and Notteboom, 2012; Wang
et al., 2016; Calatayud et al., 2017; and Wu et al., 2019). For exam-
ple, Woolley-Meza et al. (2011) pointed out that the world maritime
and aviation networks showed similar robustness and vulnerability
in the face of failures and attacks. Ducruet and Notteboom (2012)
concluded that the overall structure of the network had not been
affected, although some transshipment ports had changed slightly,
indicating that the world maritime transport network had certain
stability. Ducruet (2016) found that the distribution of canal-related
flows influenced the evolution of the maritime network. Moreover,
higher vulnerability was witnessed in the Asia-Pacific and South
Atlantic regions compared with emerging countries in Asia. By
extending the vulnerability analysis to the multi-layered network,
Ducruet (2020a) and (2020b) further proved that the hierarchical
structure of the global maritime network made it more vulnerable.
Calatayud et al. (2017) discovered that a country’s position and a
shipping company’s strategy could affect network vulnerability. Wu
et al. (2019) also stated that the main channel interruption affected
network vulnerability in the transit time.

On the other hand, the existing studies on network connec-
tivity focus more on the evaluation of link addition with network
centrality rather than on the dynamic evolution with link predic-
tion (Cheung et al., 2020). Technically, network connectivity can
be increased by adding new links or removing existing edges. That
is, link prediction usually includes link addition and edge rewiring,
which provides a reference for planning future routes and improv-
ing network operational efficiency (Wang and Cullinane, 2008 and
Sydney et al., 2013). Regrettably, in the transportation field, link
prediction methods have been applied mainly to the aviation net-
work reconstruction with an emphasis on model accuracy, giving
insufficient attention to the maritime transport network (Guimerà
and Sales-Pardo, 2009; Liu et al., 2011; and Yang et al., 2018).
For example, Guimerà and Sales-Pardo (2009) applied the heuristic
reconstruction method to identify the missing and spurious links in
the air transportation network in Eastern Europe. Liu et al. (2011)
and Yang et al. (2018) used the U.S. airline network as one of
benchmark datasets and proved the model viability and superior-
ity. However, the above studies focus too much on technical details
of models without consideration of the characteristics of aviation
networks. Compared with the air transport network, the maritime
transport network is spatially constrained and is more sensitive
to geographical distance. As a result, the current similarity-based
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indices (see Appendix A), popular in the air transport network, are
insufficient in predicting the links and reconstructing the maritime
transport network.

C. Research gaps

A thorough literature review of the static structure and
dynamic behavior of the maritime transport network reveals the fol-
lowing three research gaps. First, benefiting from high applicability
and prediction accuracy of link prediction models, they have been
widely applied to the air transportation networks. However, insuf-
ficient attention has been paid to the maritime transport networks
(Liu and Lü, 2010; Lü and Zhou, 2011; and Meng et al., 2011). To
fill this gap, this paper shifts attention to the WCSN and empirically
verifies the applicability of link prediction models by advancing the
existing indices (see Table VII in Appendix A) with a linear function
of degree and hierarchy. Second, the existing studies demonstrate
limitations in reflecting the impact of geographical constraints on
network structure. This limitation can be overcome by introducing
the network hierarchy that shows a rough partition of the network
at the global and regional scales and is evaluated using node degree
or centrality. Unlike studies on port centrality (Ducruet et al., 2010a;
Liu et al., 2018a and 2018b), the k-shell decomposition is applied in
this paper to address the network hierarchy of the WCSN, which
combines node connectivity and centrality from a quantitative per-
spective. Third, unlike previous studies that regard it as part of the
service design problem from the perspectives of operation man-
agement and economic evaluation (Shintani et al., 2007; Tavasszy
et al., 2011; and Christiansen et al., 2019), this paper reexamines link
addition of the WCSN by focusing on its evolutionary pattern. The
modified link prediction models can produce empirical evidence
for shipping companies to proactively reconstruct the WCSN by
adding new links, which can further improve network connectivity
and efficiency of their shipping networks.

III. METHODOLOGY

This section introduces the k-shell decomposition method to
identify the hierarchical structure of the WCSN and discusses how
to modify the existing link prediction indices. As noted earlier, the
hierarchical structure of the network can influence the node’s con-
tribution to similarity, which depends not only on the node degree

but also on the central position in the network (Kitsak et al., 2010
and Wang and Cullinane, 2016). On the one hand, node degree
usually indicates that the connected neighbor nodes with the same
degree have the same importance. That is, the probability of gen-
erating connected edges is equivalent, which, however, may deviate
from the actual situation due to the consideration of only the direct
connection. On the other hand, Kitsak et al. (2010) pointed out the
importance of the central position of nodes in the network. That
is, if a node with a higher degree is located at the periphery of the
network, it may be observed that its influence is limited. On the con-
trary, if a node with a lower degree has a higher central position, its
influence may be higher. As for the container shipping network, the
accessibility and connectivity of ports vary from each other and a
clear port hierarchy can be observed due to the geographical con-
straints and the design of liner services on both the global and the
regional scale (Ducruet and Notteboom, 2012; Fraser et al., 2016;
and Guo et al., 2017). Such a hierarchical structure makes the entire
world container shipping network a relatively sparse connected net-
work with regional tight communities (Ge et al., 2019). As a result,
the consideration of network hierarchy is expected to provide more
accurate simulation results in comparison with the original indices.

A. k -shell decomposition of the WCSN

k-shell decomposition is an effective method for revealing the
hierarchical structure of complex networks (Carmi et al., 2007 and
Lahav et al., 2016). Unlike tier classification with consideration of
node relationships, this method focuses on the network topology
without a priori fixed number of classes (Ahajjam and Badir, 2018).
Meanwhile, it is different from hierarchies defined by node proper-
ties such as degree, betweenness, and closeness centralities (Liu et al.,
2018a and 2018b). To fully reveal the topological structure of the
network and incorporate impacts of both the degree and the central
position, we go beyond the properties and examine the hierarchi-
cal structure by using k-shell decomposition. Network stripping is
reflected by the continuous shrinking of the network scale, indicat-
ing that the nodes are gradually eliminated according to the degree
value. Table I presents more details.

Generally, this process assigns an integer index (ks = n) to each
node that represents its depth (location) according to successive lay-
ers in the network. The larger the node layer, the closer it is to the

TABLE I. Algorithm procedures of the k-shell decomposition method.

Input: A and k
Output: ks = n

1. Establish the network with adjacency matrix A.
2. Remove the node with a degree value of 1 from the network (set k = 1, ignore the case where the degree is 0).
3. Repeat step 1 in the new network until all nodes with a degree value of 1 are stripped. These nodes are classified into the 1-shell, i.e.,

ks = 1.
4. Set k = 2 and remove all nodes with a residual degree of 2.
5. Repeat step 3 until all nodes with a degree value of 2 are stripped. These nodes are classified into the 2-shell, i.e., ks = 2.
6. Increase the value of k until all nodes are removed, and the network is completely divided into n-shell layers.
7. End
8. Output ks = n
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center of the network, which represents its central position in the
network.

B. Modified link prediction indices

As discussed in Appendix A, the existing similarity-based
indices exhibit disadvantages in prediction accuracy and computa-
tional complexity. For example, Lü and Zhou (2011) discussed the
prediction accuracy of those indices in the U.S. (United States) air
transportation network (332 nodes and 2126 edges). Compared with
other indices, they found that RWR and LRW performed the best
(see Table II). However, in the container shipping network, those
indices have not been tested.

In comparison with the air transportation network, the con-
tainer shipping network is restricted with geographical distribution
and conditions (Ducruet and Zaidi, 2012), which may result in big
differences in algorithm performance. Particularly, due to the exis-
tence of transit ports, the hub and spoke mode is the dominant mode
to characterize the WCSN (Rodrigue and Ashar, 2016). The com-
mon neighbor of the two nodes is likely to be a transit port, lowering
the probability for direct connections between the two ports. There-
fore, in local similarity indices, we substitute the CN index with the
Salton index by considering the influence of the end point degree.
Since the neighbor with the smaller degree may contributes more to
the similarity than the larger ones (Adamic and Adar, 2003), the AA
and RA index are employed in the sight of the influence of the neigh-
bor node degree. As per the path similarity indices, the Katz and
LHN-II indices need to start from the overall network and exam-
ine all path lengths with high time complexity. The LP index only
considers the shortest path, neglecting the node attribute in link
prediction. So far, the most popular index among random walk sim-
ilarity indices is the LRW index proposed by Liu and Lü (2010) with
higher accuracy than ACT and lower computational complexity
than RWR.

Consequently, four indices (i.e., Salton, AA, RA, and LRW)
are chosen and modified as K-Shell-Salton (KS-Salton), KS-AA,

TABLE II. Comparison of prediction accuracy in the U.S. air networks. Source:

abstracted from Lü and Zhou (2011).

Index AUC

Local similarity indices CN 0.937
Salton 0.898
Jaccard 0.901

Sorensen 0.902
HPI 0.857
HDI 0.895

LHN-I 0.758
AA 0.925
RA 0.955

Path similarity indices Katz 0.956
LHN-II 0.778

Random walk similarity ACT 0.901
RWR 0.977
LRW 0.972

KS-RA, and KS-LRW. By embedding network hierarchy in these
modified indices, they can better capture the local information of
node similarity. To express the twofold effects, the degree in the
link prediction model is expressed as a linear function of degree
and hierarchy, KS(x) = λks

x + kx, where λ is introduced to control
the contribution of network hierarchy (Zeng and Zhang, 2013). As a
result, we can advance the existing indices and propose the following
four indices.

(1) KS-Salton

By considering the node hierarchy, the Salton index shown in
Appendix A can be advanced as the following KS-Salton index where
the degree is substituted with the KS function (Salton and McGill,
1983):

sKS - Salton
xy =

∑

z∈|0(x)∩0(y)| kz
√

(λks
x + kx)(λks

y + ky)
, (1)

where k is the node degree, ks is the level of the node obtained by
the k-shell decomposition method. The larger the ks value (closer
to the core), the smaller the contribution to the newly connected
edges between nodes. For instance, both Singapore and Shanghai are
located at the core layer, ks = 12, with high liner service frequency.
The probability of generating a new connection between Singapore
and Shanghai is low. Instead, Tokyo (ks = 9) is more likely to have a
connection with Singapore. λ is a constant between 0 and 1. When
λ = 0, this formula is the Salton index.

(2) KS-AA

As shown in formula (2), the modified KS-AA index considers
the influence of the structural hierarchy, where the contribution of
each neighbor node to the two endpoints is the reciprocal of its log-
arithm. As a result, neighbors with smaller degrees contribute more
to similarity than that of larger degrees,

sKS−AA
xy =

∑

z∈0(x)∩0(y)

1

log(λks
z + kz)

. (2)

Unlike the AA index, the contribution of a node to the KS-AA simi-
larity index depends on both kz and ks

z. For example, if node z has a
high kz but low ks

z, the influence of z may increase.

(3) KS-RA

Like the KS-AA index, the modified KS-RA index takes the
reciprocal of the degree of common neighbor nodes as the contri-
bution value, which can be specified as

sKS−RA
xy =

∑

z∈0(x)∩0(y)

1

(λks
z + kz)

. (3)

(4) KS-LRW
In addition to the hierarchical structure, increasing attention is

also paid to the impact of network connectivity structure on node
similarity. Referring to Liu and Lü (2010), this paper considers the
role of path connectivity in promoting end point connections and
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expresses the modified KS-LRW index as

SKS−LRW
xy (t) =

lxy

KS(x)
πxy(t) +

lyx

KS(y)
πyx(t)

=
lxy

(λks
x + kx)

πxy(t) +
lyx

(λks
y + ky)

πyx(t), (4)

where lxy and πxy(t) are the same as formula (A8) in Appendix A,
but the transition probability matrix is replaced by the KS function

and is written as Pxy =
lxy

KS(x) . As shown in formula (4), both the node
degree and hierarchy affect random walk, which can effectively mea-
sure the contribution of the network structure. The initial resource
distribution is also consistent with

lxy

KS(x) .

IV. GEOMETRIC CHARACTERISTICS AND

HIERARCHICAL STRUCTURE OF THE WCSN

A. Network construction

To construct the WCSN, the data on ports (nodes) and ship-
ping lines (edges) were obtained from the shipping consultancy
Drewry (www.drewry.co.uk), including the three main shipping
alliances (i.e., the 2M, Ocean, and THE Alliance). According to
Alphaliner (www.alphaliner.com), the three alliances accounted for
over 80% of the global shipping market (see Table III). Since two
or more container terminals in a port may involve in the major
shipping lines (e.g., ship calls Yantian and Chiwan container ter-
minals in turn in the Port of Shenzhen on route 2M-AE11), we
count them separately. Therefore, 296 world-class terminals and
5,059 pairs were sorted and used in this paper.

Generally, the network topology is presented in the L-space and
P-space (Sen et al., 2003; Seaton and Hackett, 2004; and Sienkiewicz

and Hołyst, 2005). For the L-space, the adjacent ports on the
same route are interconnected, that is, only direct connections are
counted. Taking AEX1 (a shipping route from the Far East to
Europe) of COSCO SHIPPING as an example, the vessels on the
route call at ports of Qingdao, Shanghai, Ningbo, Xiamen, Yantian,
Klang, Felixstowe, Rotterdam, and Hamburg in turn. Since Ningbo
is a middle call, there is no direct connection between Shanghai and
Xiamen in the L-space. As for the P-space, if the ports on a route are
linked, there is a connected edge between them. Then, in the above
example, there is a connection between Shanghai and Xiamen. In
other words, the P-space forms a fully connected graph. Compared
with the P-space, the L-space is more advantageous to consider
the distance and space constraints between nodes in addressing the
geographical structure of WCSN. Therefore, this paper applies the
L-space to build the WCSN as a graph of direct links for presenting
its spatial characteristics (Ducruet and Zaidi, 2012).

B. Hierarchical structural of WCSN

Using the k-shell decomposition, this paper divides the WCSN
into 12 hierarchies which are demonstrated in Fig. 1 (see Table XIII
in Appendix E).

As observed, 14 ports in the outermost layer (1-shell, k = 1)
have no direct connections between each other, neither with other
layers; therefore, no obvious network characteristics can be identi-
fied. The 2-shell contains the largest number of nodes, with a total of
65 ports. In this layer, the number of externally connected edges is 8
times that of internal connections. The main connections inside the
3-shell are the transportation in the Black Sea region, which reflects
the trade among Russia, Ukraine, and Romania. The 4-shell is sim-
ilar to the 3-shell in terms of the network scale which has 27 ports.

TABLE III. Market share of top 20 liner shipping companies in 2018. Source: Alphaliner.

Rank Liner shipping company Number of ships Capacity/,000 TEU Share/%

1 Maersk 713 4065 17.9
2 MSC 524 3322 14.6
3 COSCO 463 2772 12.2
4 CMA CGM 509 2669 11.7
5 Hapag-Lloyd 230 1652 7.3
6 ONE (Ocean Network Express) 216 1515 6.7
7 Evergreen 200 1192 5.2
8 Yang Ming 97 632 2.8
9 PIL 131 418 1.8
10 HMM 70 413 1.8
11 ZIM 69 337 1.5
12 Wan Hai 92 244 1.1
13 IRISL 50 154 0.7
14 Antong 122 146 0.6
15 KMTC 64 143 0.6
16 Zhonggu 100 138 0.6
17 X-PressFeeders 78 119 0.5
18 Haifeng 79 107 0.5
19 TS Lines 34 76 0.3
20 SM Line 18 75 0.3
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FIG. 1. The layout of the WCSN hierarchy. Notes: number stands for the shell.

The internal connection of the 5-shell and the 6-shell is relatively
sparse, relying mainly on the connection of the outer layer. As an
intermediate layer, 17 nodes in the 6-shell have a total of 131 con-
nected edges, while there are only 11 links with each other internally.
The 7-shell contains 33 nodes and 360 connected edges. Accord-
ing to its geographical distribution, the 7-shell is a regional network
consisting of transportation between the countries along the Middle
East and South America (Brazil, Uruguay, Argentina, etc.). These
regions have close internal connections but are relatively sparse and

independent from the outside. The 8-shell is dominated by interna-
tional transportation between the US Gulf and Africa. The 9-shell
contains large ports scattered in the U.S. coast, Central America,
the Mediterranean, Australia, New Zealand, and some Asian coun-
tries. The 10-shell contains large and medium-sized ports in various
countries, such as Valencia in Spain, Los Angeles and Long Beach
in the USA, Yokohama in Japan, and Brisbane in Australia. Most
ports in the 11-shell are in Northern Europe and the Middle East.
As a sub-core level, it includes the world-renowned big ports such

TABLE IV. Parameters of 12 hierarchies.

Hierarchy Number of nodes Internal links External links Total links Average degree Shortest path length

k = 1 14 3 14 17 0.214 1.25
k = 2 65 17 121 138 0.262 1.912
k = 3 24 11 86 97 0.458 1.562
k = 4 27 13 107 120 0.481 1.444
k = 5 32 24 177 201 0.75 1.5
k = 6 17 11 120 131 0.647 1.286
k = 7 33 73 287 360 2.212 2.436
k = 8 19 39 201 240 2.053 3.182
k = 9 25 52 324 376 2.080 4.244
k = 10 10 17 227 244 1.7 2.358
k = 11 17 85 383 468 5 1.622
k = 12 13 115 441 556 8.846 1.276

Chaos 31, 113123 (2021); doi: 10.1063/5.0056864 31, 113123-7

Published under an exclusive license by AIP Publishing

https://aip.scitation.org/journal/cha


Chaos ARTICLE scitation.org/journal/cha

as Rotterdam, Antwerp, Algeciras, and Le Havre. The core layer
(12-shell) has 13 nodes and these nodes are closely connected. The
number of connected edges in this layer reaches 115. Moreover,
these nodes are mainly concentrated in East and Southeast Asia,
which has recently become the center of the world container ship-
ping. Nine of them are in China, and the rest are in Singapore,
Malaysia, and South Korea. Table IV provides a summary of the 12
hierarchies.

From Table IV, it can also be seen that the hierarchical struc-
ture of the WCSN is characterized by sparse internal layers and close
external links. To be specific, the total links of each layer are five
times of the internal links. Moreover, the large ports are prone to
link the smaller ones for feeder services. On average, each port in
the 12-shell has 34 connections to the outside and nine connections
between each other.

As revealed by the above evidence, the hierarchy is highly cor-
related with trade and has certain geographic characteristics. For
example, all ports in the core layer (k = 12) are in East and South-
east Asia (i.e., Brown nodes in Fig. 1). As the world’s largest goods
trader, China’s coastal ports account for more than half number
of ports in the core layer. The sub-core layer (11-shell) belongs to
Northern Europe and Middle East, where developed countries take
control, such as the United Kingdom, France, Germany, the Nether-
lands, and Belgium. The 10-shell and 9-shell are mainly composed
of coastal ports in the USA, Japan, Spain, and Italy. In this regard,
it can be stated that the core-level ports are in the world’s major
trading nations, where Asia and Europe take dominance.

Nevertheless, ports with higher degrees are not necessarily
closer to the core layer. If a hub port (large degree value) appears on
the periphery of the network, its impact on the overall network could
be faded. This feature helps to filter out port nodes that seem to be
pivotal (evaluated by degree) but lack importance (evaluated by its
central position), which usually act as transit hubs. Typical ports are
Algeciras, Antwerp, Jeddah, Rotterdam, New York, and Le Havre in
the 12-shell and 11-shell. The degree of Algeciras ranks high; how-
ever, it belongs to the 11-shell with lower significance in improving
network connectivity.

V. EMPIRICAL ASSESSMENT

A. Simulation

For the construction of link prediction dataset, the k-fold cross-
validation method is applied to generate the test set (Fushiki, 2011
and Lü and Zhou, 2011). That is, the data is grouped and randomly
divided into k independent sets, then link prediction is performed
ergodically on each set, and finally take the average. This ensures
that each edge appears in the test set, and the computational com-
plexity is reduced. Similarly, through MATLAB programming, the
WCSN dataset is divided into different proportions of the training
and test sets and randomly disassembled, and cross-validations are
performed 10 times to obtain the AUC results for each similarity
index. Notably, each AUC is the average of 100 experiments.

Referring to the KS function, it depends on the value of λ,
which in turn influences the accuracy of each modified index.
Figure 2 provides evidence in support of this relation. As demon-
strated, the accuracy of the KS-LRW (three steps, which advances
four steps and five steps in simulation) is the highest, reaching the

FIG. 2. Evolution of AUC with λ.

peak (0.9282) when λ = 0.9. The KS-RA and KS-AA are relatively
close and stable around the accuracy of 0.85. The KS-Salton has
the lowest accuracy. The peak accuracy of each index is achieved
when λ = 0.9 for the KS-RA, λ = 0.2 for the KS-AA, and λ = 0.6 for
the KS-Salton. In addition, the KS function shows that the network
hierarchy weights more as λ increases. Therefore, in the KS-AA (the
optimal AUC is obtained when λ = 0.2) and KS-Salton (the optimal
AUC is obtained when λ = 0.6) scenarios, the network hierarchy has
a greater impact on the prediction of connections, respectively.

On the other side, it can also be seen that the ratio of the train-
ing set affects the prediction accuracy of each modified index. As
displayed in Fig. 3, in the Salton scenario, the accuracy of the KS-
Salton index is slightly lower than the original Salton index. For the
AA scenario, the KS-AA curve is slightly higher than the original
AA index, which reflects a slight improvement in prediction accu-
racy. In the RA scenario, the curves almost coincide with each other.
It is worth mentioning that the AUC value of the LRW has a negative
relation with the training ratio due to the random effect, which has
been significantly improved by using the modified KS-LRW index
(Liu and Lü, 2010).

Since the prediction accuracy has a positive relation with the
training set ratio in modified indices, we hereby set the ratio to 0.9
for the AUC calculation and show the results in Table V. Compared
with the original indices, slight improvements of the KS-Salton, KS-
AA, and KS-RA indices on the prediction accuracy are observed.
Notably, as the LRW considers the local information of the WCSN,
the hierarchical effect is enhanced in simulating network connec-
tions, while the random effect is reduced. Accordingly, it is found
that the KS-LRW (three steps) index performs much better than the
original LRW index with the highest AUC value of 0.92 but the low-
est standard deviation of 0.01245, encouraging its application to link
prediction of liner services in practice.
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FIG. 3. Comparison of prediction accuracy of indices under different train ratios.

B. Link prediction of liner services

Due to its advantage in improving prediction accuracy, the KS-
LRW is further adopted in this paper to predict the possible new
routes in the WCSN. This provides empirical evidence for shipping
companies to strategically identify the most potential new routes to
reduce their trail costs and to improve the overall connectivity of the
WCSN.

After the KS-LRW simulation experiment, 19 152 new con-
nected edges are obtained and sorted according to their similarity
indices. It is found that the most likely new routes in the future
WCSN are from Jebel Ali in Dubai to Mina Khalifa in the United
Arab Emirates, from Fortaleza to Natal in Brazil, etc. (see Table VIII
in Appendix B with the top 50 connections with scores over 0.02).
Among the top 50 connections, 70% of the services are on a regional

TABLE V. AUC values of different indices.

Index Salton AA RA LRW (3) KS-Salton KS-AA KS-RA KS-LRW(3)

Value 0.841 0.857 0.847 0.674 0.843 0.858 0.859 0.926
Standard deviation 0.0231 0.0258 0.0215 0.0314 0.0247 0.0253 0.0249 0.0125
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focus (see Fig. 4), complying with shipping companies’ strategy
“local network first” (Guy, 2003; Ducruet, 2020a; and 2020b). Con-
nections appear to have geographical proximity that ports in the
same region (e.g., the West Mediterranean, East Coast South Amer-
ica, Middle East) are more likely to be linked. Figure 4 shows
the distribution of the internal connections within each region. As
observed, Oceania, North West Europe, and East Mediterranean and
Black Sea are the top three regions with internal connections, indi-
cating that link addition in these regions will effectively improve the
network connectivity. The above findings can provide a reference
for liner shipping companies with interest in these regions to make
proactive decisions about service expansion.

In comparison, Fig. 5 shows three scenarios of predicting the
potential new routes: top 681(scores over 0.002), top 975 (scores
over 0.0015), and top 1677 (scores over 0.001) routes (scores over
0.001) with their distributions being presented in Table IX in
Appendix B. The red lines represent the potential new routes, and
the blue lines represent the existing routes in the WCSN. From
Fig. 5(a), we find that the top 681 connecting edges are mainly
regional service in Oceania, West Africa, East Mediterranean and
Black Sea. Internal connections in the East Coast South America
and Oceania area are over 70% of the total predicted edges. Some
long-haul services like transpacific (Asia–America) and transat-
lantic (Europe–America) also appear with high frequency (see
Tables X–XII in Appendix D). In Fig. 5(b), the top 975 routes show
that the number of connections starting from North West Europe
begins to increase, the connections of which surpass that of the West
Mediterranean. Notably, intensive services are witnessed between
West Africa and Mediterranean. As seen in Fig. 5(c), a global lay-
out has been formed when the potential new connections reach
1677. Most of the top 1677 new connected edges are new connec-
tions except ten routes, reflecting that there is still much space for
improvement in the existing WCSN.

Further, the network parameters under three scenarios are
calculated for comparison, which are reported in Table VI (see

Appendix C for details). It can be found that the network diame-
ter and the average clustering coefficient are significantly improved
after adding the newly connected edges, while the average path
length is reduced. More specifically, the original network diameter
of 5059 connected edges is 11, which can be reduced by nearly 30%
resulting from 13.5% increment of the network connections and
shortens the maximum distance between remote ports. The average
clustering coefficient also increases by 34.7% when 681 new edges
are added, indicating that the port agglomeration is improved. In
addition, the transit time represented by the average path length
also decreased by 19.69% after adding 1677 new edges, which means
that a container can reach any port in the world within three
transhipments.

VI. CONCLUSION

Benefitting from the rapid expansion of international trade,
container shipping has grown fast and gradually formed the exist-
ing WCSN, bringing new challenges to shipping companies’ deci-
sions about link evolution. However, previous studies put the main
emphasis on time and cost optimization of shipping networks or
route planning, giving insufficient attention to its network structure.
Except for some prediction accuracy tests in the air transporta-
tion networks, few studies can be found from a network structure
perspective to predict the potential new links in the WCSN. Consid-
ering the difference between air and sea transport in geographical
constraints, this paper questions the validity of the current predic-
tion indices and employs the modified KS-Salton, KS-AA, KS-RA,
and KS-LRW indices to explore the evolutionary pattern of the
WCSN. The main findings are presented below. First, using the k-
shell decomposition, the WCSN is divided into 12 hierarchies, which
are characterized by sparse internal layers and close external links
and present high correlation with trade patterns and exhibit certain
geographic characteristics. Meanwhile, it is found that port impor-
tance depends not only on its degree but also on its central position

FIG. 4. Distribution of the top 50
predicted links.
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FIG. 5. Future WCSN after link prediction. (a) Top 681 connections. (b) Top 975 connections. (c) Top 1677 connections.
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TABLE VI. Comparison of network parameters between the original and future WCSNs.

Average degree Diameter Density Average clustering coefficient Average path length

Original network 4.98 11 0.017 0.262 3.972
681 added connections 5.909 8 0.020 0.353 3.624
975 added connections 6.858 8 0.023 0.370 3.477
1677 added connections 9.169 7 0.031 0.373 3.190

in the network. Second, based on the classic similarity indices, the
modified indices (i.e., KS-Salton, KS-AA, KS-RA, and KS-LRW)
are proposed and compared in terms of prediction accuracy. Slight
improvements are observed in KS-Salton, KS-AA, and KS-RA, while
the KS-LRW is found to perform best in predicting the potential new
routes in the WCSN due to its advantage in revealing the hierarchi-
cal effect and the random effect. Third, using the KS-LRW index, the
influence of the network hierarchy is reconfirmed due to the highest
AUC. Moreover, the prediction of the top-1677 potential new edges
clearly exhibits the evolutionary pattern of the WCSN and points out
potential space for improvements by adding the most possible new
routes to the existing network. This, in turn, increases the overall
connectivity and efficiency of the WCSN.

The findings in this paper create profound implications for
shipping companies to strategically reduce the trail cost for new
lines by analyzing the network data. Also, they are expected to
promote the worldwide trade partnership due to the interrelation
between container shipping and international trade. Despite these
benefits, this paper can be extended in different ways. For example,
the future research can be more specific on the relationship between
the evolving mechanism of the container transport network and
trade evolution. Another possible extension is to focus on individ-
ual shipping companies in facilitating their regional competitiveness
and global service deployment by cyclic routes design based on the
port-to-port prediction results in this paper. In addition, the future
research can extend the current unweighted WCSN into a weighted
network based on the importance of influential factors of the mar-
itime network (e.g., ship capacity, port throughput, distance, and
service frequency). Economic elements like route profit and trans-
port cost can also be embedded in the weighted networks to evaluate
the economic viabilities.
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APPENDIX A: ALGORITHMS FOR MEASURING LINK

PREDICTION

A more accurate and faster link prediction not only reveals
the evolving mechanism of networks but also provides evidence
in support of adding or removing lines to or from the existing
networks. This, therefore, has drawn a great deal of attention to
improve its applicability and prediction accuracy. Broadly speaking,
the maximum likelihood-based and similarity-based algorithms are
most frequently employed in earlier studies (Lü and Zhou, 2011).
The maximum likelihood-based algorithm mainly includes the hier-
archical structure model and the stochastic block model. Clauset
et al. (2008) recognized the impact of the hierarchical structure on
the network connection and proposed a structure-based model with
better performance. Further, Guimerà and Sales-Pardo (2009) sug-
gested that a random block model can improve prediction accuracy.
Despite its high prediction accuracy, the maximum likelihood-based
algorithm loses its attractiveness in terms of applicability, especially
for large-scale networks, due to the high computational complex-
ity. In contrast, the similarity-based algorithm can overcome this
weakness and perform better in terms of applicability and prediction
accuracy (Lü et al., 2009). As a result, the similarity-based algorithm
has been widely applied, which mainly includes local similarity, path
similarity, and random walk similarity indices.

1. Local similarity indices

In general, two nodes are more likely to have a connection if
they have more Common Neighbors (CN) (Lü and Zhou, 2010). As
a result, a score is assigned to an index sxy according to the number
of common neighbors

sxy = |0(x) ∩ 0(y)|, (A1)

where 0(x) and 0(y) are the neighbor set of nodes x and y, whose
values are equal to the degree of each node, respectively. The prob-
ability of a connection between the two nodes increases with the
number of their common neighbors. ∩ means the intersection of
0(x) and 0(y), and |0(x) ∩ 0(y)| is the cardinality of the intersec-
tion set. In comparison, Table VII provides a summary of other
indices on the basis of the structural equivalence (Lorrain and
White, 1971), including Salton index (Salton and McGill, 1983),
Jaccard index (Jaccard, 1901), Sorensen index (Sorensen, 1948),
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TABLE VII. Indices on structural equivalence.

Index Definition Remark

Salton sxy =
|0(x) ∩ 0(y)|

√

kxky

kx and ky stand for the degree of
node x and y, respectively.

Jaccard sxy =
|0(x) ∩ 0(y)|

|0(x) ∪ 0(y)|

Sorensen sxy =
2|0(x) ∩ 0(y)|

kx + ky

HPI sxy =
|0(x) ∩ 0(y)|

min{kx, ky}

HDI sxy =
|0(x) ∩ 0(y)|

max{kx, ky}

LHN-I sxy =
|0(x) ∩ 0(y)|

kxky

hub promoted index (HPI, Ravasz et al., 2002), hub depressed
index (HDI, Zhou et al., 2009), and Leicht–Holme–Newman-I index
(LHN-I, Leicht et al., 2006).

Inspired by the empirical analysis of Newman (2001) on the
CN index, tremendous efforts have been made to improve the pre-
diction accuracy of the local similarity index. Particularly, when
the degree of common neighbors is considered, Adamic and Adar
(2003) assumed that the neighbors with smaller degrees contribute
more to similarity than those with larger degrees and proposed the
Adamic-Adar (AA) index, expressed as Eq. (A2), to obtain more
accurate outcomes in social networks,

sxy =
∑

z∈0(x)∩0(y)

1

log kz

, (A2)

where node z is the common neighbor of nodes x and y, and kz is the
degree of z. The contribution of each neighbor node to x and y is the
reciprocal of the logarithm of kz.

Another typical extension is the Resource Allocation (RA)
model, which was proposed by Lü and Zhou (2010) and was found
to perform better in U.S.Air, C. elegans and CGScience networks.
As suggested, two nodes that are not directly connected in the net-
work use their neighbor nodes as intermedia to transfer resources,
and the amount of resources received by the end point is regarded
as the similarity which can be written as

sxy =
∑

z∈0(x)∩0(y)

1

kz

. (A3)

A close look at the RA and AA indices reveals that the major
difference between them lies in the contribution of each neighbor
node. That is, the RA index decreases in a reciprocal manner, while
the AA index declines in a logarithmic form. Then, the RA index
is significantly smaller than the AA index in a network with a larger
average degree, leading to better performance in community mining
(Pan et al., 2010).

2. Path similarity indices

Path similarity-based indices consider the distance between
two endpoints, namely, the shortest path length from one node to
another, which mainly include Katz, local path (LP), and LHN-II
indices (Katz, 1953; Leicht et al., 2006; and Lü, et al., 2009).

First, Katz (1953) considered all path lengths and weighted
more on shorter paths with the sum of which exponentially damped:

sxy =

n
∑

l=1

αl ·

∣

∣

∣
paths

〈l〉
x,y

∣

∣

∣
= αAxy + α2(A2)xy + α3(A3)xy

+ · · · + αn(An)xy. (A4)

In formula (A4), similarity decreases with the increase of l, αl can be

treated as the attenuation coefficient, and
∣

∣

∣
paths

〈l〉
x,y

∣

∣

∣
is the number

of l-length paths. Then, long length paths’ contribution will gradu-
ally reduce with the scale increase of the network. (A2)xy and (A3)xy

denote the number of paths between nodes x and y whose lengths
equal to 2 and 3, respectively; α is a constant to control the influence
of higher order neighbors.

Further, considering the regular equivalence similarity, Leicht
et al. (2006) developed the LHN-II index. As claimed, the prerequi-
site of those indices based on structural equivalence was that both
endpoints were linked to the same neighbor, while the common
neighbors can be different in the LHN-II index, exhibiting a sim-
ilar structure and resulting in a broader scope of application. The
LHN-II index is specified as

sxy = φ
∑

z

Axzsxy + ϕδxy, (A5)

where φ
∑

z

Axzsxy stands for the contribution of node z (x’s neigh-

bor) to the similarity of nodes x and y. φ and ϕ are constants. δxy is

the regular similarity, where δxy =

{

0, x 6= y
1, x = y

.

Third, Zhou et al. (2009) proposed a third-order local path
model, restricting the number of path lengths within 3. So, the
contribution of the second and third order neighbors can be calcu-
lated as

Sxy = (A2)xy + α(A3)xy, (A6)

when α = 0, LP is equivalent to CN.

3. Random walk similarity indices

However, it has been commonly recognized that the algorithm

accuracy is unstable in some networks due to the insufficient local
information and higher computational complexity (Liu and Lü,
2010). To overcome such problems, the random-walk-based simi-
larity is introduced. Given that a particle moves irregularly in the
network with the same probability, the less time it takes, the stronger
the similarity between the two endpoints. Depending on the net-
work scale, the random-walk-based similarity indices can be divided
into the Global Random Walk such as the Average Commute Time
(ACT), Random Walk with Restart (RWR), and the Local Random
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Walk (LRW) (Klein et al.,1993; Brin and Page, 1998; and Liu and
Lü, 2010). As pointed out by Liu and Lü (2010), the Local Random
Walk (LRW)has better prediction accuracy, and the optimal num-
ber of steps is related to the average distance of the network, which
has the following evolution equation:

πx(t) = PTπx(t − 1), (A7)

where P is the transition probability matrix, and T is the

matrix transposition. Pxy =
lxy

kx
is the probability that a ran-

dom walker will move from node x to node y, where lxy

=

{

0, x, y is not connected
1, x, y is connected

. When t = 0, πx(0) = ex. Let initial

resource distribution of node x be qx, the LRW index can be defined
as

SLRW
xy (t) = qxπxy(t) + qyπyx(t), (A8)

where t represents the steps of random walk.

4. Metrics

After discussing algorithms for measuring link prediction, the
further issue is to assess their prediction validity and accuracy, which
can be achieved by the Area under the Receiver Operating Charac-
teristic Curve (AUC). Referring to Lü and Zhou (2011), the below
procedure can be followed to construct the AUC. First, divide the
M links of the real network (i.e., EM) into a training set (ET) and

a test set (EP) according to a certain ratio where EM = ET ∪ EP,
ET ∩ EP = ∅. Second, select a link prediction algorithm to obtain
a set of unknown connected edges EF (i.e., connections that have
not yet appeared in the container shipping network) through the
training process. Then, each pair of connected edges gets a score Sxy,
where nodes x and y are the two endpoints. Third, compare the test
set EP extracted from the real network with EF: if the value of con-
nected edge score SP

xy in EP is higher than SF
xy in EF, then count 1; if

SP
xy = SF

xy, count 0.5. After n times independent comparisons, where

SP
xy > SF

xy counts for n1 times and SP
xy = SF

xy counts for n2 times, the
AUC value can be calculated as

AUC =
n1 + 0.5n2

n
, (A9)

where 0.5 is the boundary between the AUC and random generation.
Given Sxy of the connected edge is generated randomly, AUC = 0.5.
If AUC > 0.5, the validity and accuracy of the algorithm are better
than random generation.

APPENDIX B: SIMULATION RESULTS

Table VIII and Table IX show the top 50 links in the simulation.
Distributions of the top 681, top 975, and top 1677 predicted routes.

TABLE VIII. Top 50 links in the simulation. Note: the regions of the WCSN are divided into 20 blocks according to Drewry as Middle East, West Africa, West Med, Central

America/Caribbean, North West Europe (NEW), East Coast South America (ECSA), Oceania, South Asia, East Mediterranean & Black Sea (EM & BS), South East Asia (SEA),

West Coast North America (WCNA), East Coast North America (ECNA), West Coast South America (WCSA), Greater China, East Africa, Scandinavia & Baltic (S & B), North

Africa, North Asia, Gulf Coast North America (GCNA), Southern Africa (see details in Drewry’s quarterly report of Container Forecast, www.drewry.co.uk).

Origin port Origin region Destination port Destination region Score

Jebel Ali (Dubai) Middle East Khalifa Bin Salman (Mina Khalifa) Middle East 0.071 002
Fortaleza East Coast South America Natal East Coast South America 0.043 966
Philipsburg North West Europe Port of Spain Central America/Caribbean 0.043 966
Le Havre North West Europe Degrad De Cannes Central America/Caribbean 0.038 433
Nagoya North Asia Shimizu North Asia 0.035 467
Adelaide Oceania Launceston (Bell Bay) Oceania 0.035 256
Yokohama North Asia Saipan North Asia 0.035 249
Lyttelton Oceania Nelson Oceania 0.035 161
Rotterdam North West Europe Gdansk Scandinavia & Baltic 0.035 038
Colombo South Asia Male South Asia 0.035 014
Singapore South East Asia Cai Lan (Haiphong) South East Asia 0.034 826
Kribi West Africa Owendo (Libreville) West Africa 0.034 8
Antwerp North West Europe Flushing (Vlissingen) North West Europe 0.034 742
Lobito West Africa Namibe West Africa 0.034 732
Rotterdam North West Europe Gdynia Scandinavia & Baltic 0.034 722
Puerto Quetzal Central America/Caribbean San Diego West Coast North America 0.034 473
Halifax East Coast North America Portland (Maine) East Coast North America 0.034 437
Brisbane Oceania Newcastle Oceania 0.034 399
Hamburg North West Europe Immingham North West Europe 0.034 379
Algeciras West Med Cartagena (Spain) West Med 0.034 334
Ningbo Greater China Shantou Greater China 0.034 323
Hong Kong Greater China Tanjung Perak (Surabaya) South East Asia 0.034 275
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TABLE VIII. (Continued.)

Origin port Origin region Destination port Destination region Score

Auckland Oceania Timaru Oceania 0.034 254
Los Angeles West Coast North America Dutch Habour (Alaska) West Coast North America 0.034 229
Auckland Oceania Paita West Coast South America 0.034 114
Tema West Africa Galveston Gulf Coast North America 0.033 992
Male South Asia Port Victoria East Africa 0.033 945
Davao South East Asia Subic Bay North Asia 0.033 688
Mariel Central America/Caribbean Moa Central America/Caribbean 0.033 553
Mindelo West Africa Porto Prala West Africa 0.033 553
Kimbe Oceania Rabaul Oceania 0.033 553
Saipan North Asia Koror Oceania 0.033 553
Liverpool North West Europe Chester East Coast North America 0.033 553
Noumea Oceania Santo Oceania 0.033 553
Ashdod East Mediterranean & Black Sea Trieste West Med 0.027 691
Ambarli East Mediterranean & Black Sea Iskenderun East Mediterranean & Black Sea 0.027 23
Shekou Greater China Lae Oceania 0.027 192
Tanjung Priok
(Jakarta) South East Asia Lae Oceania 0.026 838
Darwin Oceania Port Moresby Oceania 0.026 563
Coronel West Coast South America Lirquen West Coast South America 0.024 76
Jebel Ali (Dubai) Middle East Doha/Umm Said Middle East 0.024 572
Novorossiysk East Mediterranean & Black Sea Yuzhny East Mediterranean & Black Sea 0.023 768
Hamburg North West Europe Tilbury North West Europe 0.023 651
Lyttelton Oceania Wellington Oceania 0.023 502
Dunkirk North West Europe Tilbury North West Europe 0.023 438
Chennai (Madras) South Asia Visakhapatnam South Asia 0.022 965
Novorossiysk East Mediterranean & Black Sea Odessa East Mediterranean & Black Sea 0.022 041
Brisbane Oceania Geelong Oceania 0.020 706
Brisbane Oceania Port Kembla Oceania 0.020 706
Bremerhaven North West Europe Wilhelmshaven North West Europe 0.020 271

TABLE IX. Distributions of the top 681, top 975, and top 1677 predicted routes.

Regions 681 added connections (%) 975 added connections (%) 1677 added connections (%)

Middle East 31.8 43.2 35.6
West Africa 49.3 51.9 53.2
West Med 35.3 28.6 28.3
Central America/Caribbean 25.6 25.0 27.1
North West Europe 41.9 42.9 38.3
East Coast South America 72.2 64.3 57.7
Oceania 73.3 73.1 60.4
South Asia 25.0 23.1 20.5
East Mediterranean and Black Sea 62.5 67.1 68.9
South East Asia 42.1 35.7 30.2
West Coast North America 57.1 60.9 50.0
East Coast North America 50.0 52.4 55.1
West Coast South America 48.8 45.8 37.0
Greater China 17.3 18.7 17.8
East Africa 28.6 22.7 22.0
North Asia 36.1 31.4 28.1
Gulf Coast North America 54.5 44.4 37.5
Southern Africa 25.0 25.0 37.5
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APPENDIX C: NETWORK INDICATORS

In network theory, the geometric characteristics of networks
are mainly described by the following indicators:

(1) Degree

The number of connected edges directly owned by a node is
called the degree [Eq. (C1)]. The average degree of the network

〈

k
〉

is
the mathematical expectation of all nodes in the network [Eq. (C2)]

ki =

N
∑

j=1

aij, (C1)

〈

k
〉

=
1

N

N
∑

i=1

ki, (C2)

ki is the number of nodes connected with node i, aij

=

{

0, i, j is connected
1, i, j is not connected

. N is the total number of nodes. For the

directed network, the degree can be further divided into out-degree
and in-degree as kout

i and kin
i , kout

i means the connection start from
node i, while kin

i is the links from other nodes.

(2) Average path length and diameter

The distance dij in the network is defined as the number of
edges on the shortest path between two nodes. When dij = ∞, the
two nodes are not connected. The maximum distance between any
two nodes in the network is called the diameter of the network,
D = max

1≤i<j≤N
dij. It can be obtained that the average path length of the

network is the average of the interval length between any two nodes,

L =
1

C2
N

∑

1≤i<j≤N

dij. (C3)

(3) Clustering coefficient

Clustering coefficients describe the clustering of nodes in the
network, that is, the closeness of the connection between nodes and
their adjacent nodes:

Ci =
Ei

C2
ki

, (C4)

where Ei is the connections actually exist between node i and
its adjacent nodes. C2

ki
represents the total number of possible

edges.
The average clustering coefficient of the entire network is the

mathematical expectation of all nodes,

C =
1

N

N
∑

i=1

Ci. (C5)

In the formula, 0 ≤ C ≤ 1. When C = 1, there is a connection
between any two nodes, and the network was regarded as a globally
coupled network.

APPENDIX D: NUMBER OF PREDICTED

CONNECTIONS AMONG THE REGIONS

Table X shows the top 681 predicted links. Table XI shows the
top 975 predicted links. Table XII shows the top 1677 predicted
links.

TABLE X. Top 681 predicted links.

Middle
East

West
Africa

West
Med

Central
America NEW ECSA Oceania

South
Asia

EM &
BS SEA WCNA ECNA WCSA

Greater
China

East
Africa S & B

North
Africa

North
Asia CGNA

Southern
Africa

Middle East 7 0 6 0 1 0 0 3 5 0 0 0 0 0 2 0 0 0 0 0
West Africa 0 36 14 0 2 2 0 0 0 1 0 0 0 0 0 0 2 0 0 1
West Med 0 20 24 1 6 4 0 0 6 0 0 2 0 0 0 0 1 0 0 0
Central
America 0 0 0 11 5 4 1 0 0 0 2 0 7 2 0 0 0 2 0 0
NEW 0 5 10 6 26 0 0 0 1 0 0 2 1 1 0 1 0 0 0 0
ECSA 0 0 0 0 0 26 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Oceania 0 0 0 0 0 0 63 0 0 6 0 0 1 7 0 0 0 4 0 0
South Asia 5 1 0 0 0 0 0 5 1 0 0 0 0 1 2 0 0 0 0 0
EM & BS 0 1 7 0 1 0 0 0 35 0 0 0 0 0 0 0 0 0 0 0
SEA 5 2 1 1 2 0 10 9 4 8 0 0 0 7 1 0 1 4 0 1
WCNA 0 0 1 3 0 0 3 0 0 0 8 0 10 12 0 0 0 11 0 0
ECNA 0 0 2 8 11 0 0 0 1 0 0 7 1 0 0 1 0 1 5 0
WCSA 0 0 0 4 0 0 1 0 0 0 0 0 20 0 0 0 0 0 0 0
Greater
China 1 0 0 0 0 0 2 0 0 0 2 0 1 9 0 0 0 0 0 0
East Africa 1 0 2 0 0 0 0 3 2 0 0 0 0 0 4 0 0 0 0 3
S & B 0 0 0 0 3 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0
North
Africa 2 0 1 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
North Asia 1 0 0 0 0 0 6 0 0 3 2 0 0 12 0 0 0 13 0 0
CGNA 0 2 0 8 2 0 0 0 0 0 0 2 0 1 0 0 0 1 6 1
Southern
Africa 0 6 0 1 1 0 0 0 1 1 0 0 0 0 5 0 0 0 0 2
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TABLE XI. Top 975 predicted links.

Middle

East

West

Africa

West

Med

Central

America NEW ECSA Oceania

South

Asia

EM

& BS SEA WCNA ECNA WCSA

Greater

China

East

Africa S & B

North

Africa

North

Asia CGNA

Southern

Africa

Middle

East 16 0 7 0 1 0 0 4 6 2 0 0 0 0 2 0 0 0 0 0
West

Africa 0 54 21 0 4 2 0 0 0 2 0 0 0 0 0 0 2 0 0 1

West Med 0 24 28 1 9 4 0 0 8 0 0 2 0 0 0 0 1 0 0 0
Central

America 0 0 1 16 13 7 2 0 0 1 4 0 10 2 0 0 0 2 1 0

NEW 1 9 12 10 45 0 0 0 1 0 0 4 1 1 0 1 0 0 0 0

ECSA 0 0 0 0 0 27 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Oceania 0 0 0 0 0 1 87 0 0 6 0 0 1 8 0 0 0 4 0 0

South Asia 5 1 0 0 0 0 0 6 2 1 0 0 0 1 4 0 0 0 0 0

EM & BS 1 1 15 0 2 0 0 0 53 0 0 0 0 0 0 0 0 0 0 0

SEA 8 2 3 2 3 0 13 13 5 10 0 0 0 11 3 0 2 8 0 1

WCNA 0 0 1 3 0 0 3 0 0 1 14 0 12 15 0 0 0 19 0 0

ECNA 0 1 2 14 14 1 0 0 1 0 0 11 1 0 0 1 0 1 9 0

WCSA 0 0 0 5 0 0 3 0 0 0 0 0 22 0 0 0 0 0 0 0
Greater

China 2 0 0 0 0 0 3 0 0 0 3 0 1 14 0 0 0 0 0 0

East Africa 1 0 3 0 0 0 0 3 2 1 0 0 0 0 5 0 0 0 0 3

S & B 0 0 2 0 6 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0
North

Africa 2 0 1 0 3 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0

North Asia 1 0 0 0 0 0 8 0 0 3 2 0 0 22 0 0 0 16 0 0

CGNA 0 4 0 12 4 0 0 0 0 0 0 3 0 1 0 0 0 1 8 1
Southern

Africa 0 8 2 1 1 0 0 0 1 1 0 0 0 0 7 0 0 0 0 2

TABLE XII. Top 1677 predicted links.

Middle
East

West
Africa

West
Med

Central
America NEW ECSA Oceania

South
Asia

EM &
BS SEA WCNA ECNA WCSA

Greater
China

East
Africa S & B

North
Africa

North
Asia CGNA

Southern
Africa

Middle
East 26 0 9 0 3 0 0 9 6 5 0 0 0 0 3 0 0 0 0 0
West
Africa 0 84 29 0 13 4 0 0 0 2 0 0 0 0 1 0 3 0 0 3
West Med 3 31 45 3 16 7 0 1 13 0 0 3 0 0 3 0 2 0 0 0
Central
America 0 0 1 29 13 12 3 0 0 1 5 2 21 5 0 0 0 4 1 0
NEW 2 14 18 13 74 0 0 0 2 1 0 9 1 1 0 1 2 0 1 0
ECSA 0 0 0 0 0 41 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Oceania 0 0 0 1 0 1 110 0 0 7 2 0 2 14 0 0 0 8 0 0
South Asia 13 1 0 0 1 0 0 9 5 2 0 1 0 1 5 0 0 0 0 0
EM & BS 5 2 27 0 2 0 0 0 82 1 0 0 0 0 1 0 1 0 0 0
SEA 14 2 7 3 6 1 23 16 7 16 1 0 1 22 6 2 2 11 0 2
WCNA 0 0 1 8 0 0 9 0 0 4 25 0 16 33 0 0 0 42 0 0
ECNA 1 1 4 24 26 2 0 1 1 0 0 27 1 0 0 1 0 2 18 0
WCSA 0 0 0 7 0 0 5 0 0 0 1 0 27 0 0 0 0 0 0 0
Greater
China 2 0 0 0 0 1 16 0 0 0 9 0 1 26 0 0 0 0 0 0
East Africa 4 0 5 0 3 0 1 6 2 3 0 0 0 0 9 0 0 0 0 4
S & B 0 0 4 0 21 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0
North
Africa 2 4 6 0 8 1 0 0 0 0 0 0 0 0 1 0 1 0 0 0
North Asia 1 0 0 2 0 1 15 0 0 6 7 0 1 42 0 0 0 27 0 0
CGNA 0 4 1 16 6 0 0 0 0 0 0 6 2 2 0 0 0 2 12 1
Southern
Africa 0 15 2 1 1 0 0 2 1 5 0 0 0 0 12 0 0 0 0 6
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APPENDIX E: PORT HIERARCHIES

Table XIII shows the port hierarchies with k-shell decomposition.

TABLE XIII. Port hierarchies with k-shell decomposition.

Hierarchy Port

1 Philipsburg, Port of Spain, Natal, Fortaleza, Nuku Alofa, Port of Portland (Oregon), Civitavecchia, Malaga, Gemport/Gemlik, Penang, Degrad De Cannes, Pecem, Arica,
Khalifa Bin Salman (Mina Khalifa)

2 Lae, Argentia, Mindelo, Port Moresby, Townsville, Trieste, Imbituba, Zarate, Freeport Tx, Manaus, Iquique, Calderas, San Diego, Agadir, Porto Prala, Namibe, Flushing
(Vlissingen), Owendo (Libreville), Nouadhibou, Cartagena (Spain), Galveston, Toamasina (Tamatave), Beira, Immingham, Tanjung Perak (Surabaya), Darwin,
Gladstone, Timaru, Subic Bay, Newcastle, Saipan, Koror, General Santos, Santo, Honiara, Launceston (Bell Bay), Bluff, Nelson, Kimbe, Rabaul, Gdynia, Klaipeda,
Paita, Nakhodka, Shimizu, Tomakomai, Naha, Dutch Habour (Alaska), Gdansk, Zeebrugge, Asyaport (Tekirdag), Rijeka, Progreso, Willemstad (Curacao), Moa,
Portland (Maine), Reykjavik, Chester, Umm Qasr, Yangon, Cai Lan (Haiphong), Shantou, Male, Port Victoria, Kolkata (Calcutta)

3 Majuro, Mariel, Maputo, Davao, Suva, Odessa, Vitoria, Novorossiysk, Tarawa, Lautoka, Everett, Wilhelmshaven, Constantza, Misurata (Qasr Ahmed), Tilbury, Lirquen,
Yuzhny, Onne, Cochin (Kochi), Wellington, Honolulu, Ulsan, Doha/Umm Said, Visakhapatnam, Iskenderun

4 Noumea, Puerto Quetzal, Kribi, Dar Es Salaam, Rodman PSA, Takoradi, Bissau, Douala, Lobito, Richards Bay, Koper (Capodistria), San Vicente, Santa Cruz De
Tenerife, Lagos, Tarragona, Sagunto, Bata, Castellon, Vigo, Papeete, Geelong, Port Kembla, Lianyungang, Cagliari, Chittagong, Haiphong

5 Conakry, Valparaiso, Luanda, Napier, Banjul, Freetown, Antofagasta, Pointe Noire, Leixoes, Dunkirk, Lyttelton, Port Chalmers, Bilbao, Altamira, Coronel, Izmit,
Nouakchott, San Pedro, Pointe Des Galets, Chennai (Madras), Jubail, Beirut, Sepetiba, Rio Grande, Itajai, Ensenada, Monrovia, Mobile, Ho Chi Minh City, Prince
Rupert, Khor Fakkan, Abu Dhabi (Port Khalifa)

6 La Spezia, Lisbon, Salvador, Lazaro Cardenas, Salerno, Casablanca, Nagoya, Mombasa, Sohar, Livorno, Dalian, Naples, Ashdod, Suape, Fuzhou, Inchon, Osaka
7 Santos, Ambarli, Callao, Buenaventura, San Antonio, Port Said, Mundra, Paranagua, Guayaquil, Itapoa (Santa Catarina), Vera Cruz, Mersin, Djibouti, Fremantle,

Montevideo, Rio De Janeiro, Navegantes, Kingston, Izmir, Haifa, Buenos Aires, Kobe, Laem Chabang, Karachi, Bandar Abbas (Shahid Rajaie), Alexandria (El
Dekhila), Adelaide, Tanjung Priok (Jakarta), Wilmington NC, Port Qasim (Port Muhammad Bin Qasim), Colon (Evergreen), Boston, Aqaba

8 Dakar, Cape Town, Melbourne, Lome, Durban, Walvis Bay, Abidjan, New Orleans, Tema, Las Palmas, Jacksonville, Port Elizabeth(USA), Cotonou, Baltimore, Miami,
Port Louis, Chiwan, Port Elizabeth, Taipei

9 Cartagena (Colombia), Tauranga, Colon (Manzanillo), Genoa, Houston, Piraeus, Norfolk (Hampton Roads), Tokyo, Balboa, Halifax, Sines, Auckland, Damietta,
Freeport, Vancouver, Sydney (Botany), Colon (Cristobal), Barcelona, Montreal, Philadelphia, Kwangyang (Gwangyang), Keelung, Tacoma, Liverpool, Seattle

10 Valencia, Savannah, Charleston, Yokohama, Brisbane, Marsaxlokk, Manzanillo, Los Angeles, Oakland, Long Beach
11 Algeciras, Antwerp, Jeddah, Rotterdam, New York, Le Havre, Tangers Med, Colombo, Jebel Ali (Dubai), Hamburg, Bremerhaven, London Gateway, Salalah,

Tianjin/Xingang, Southampton, Felixstowe, Vung Tau
12 Singapore, Busan, Shanghai, Klang, Kaohsiung, Tanjung Pelepas, Ningbo, Hong Kong, Yantian, Qingdao, Shekou, Xiamen, Guangzhou (Nansha)
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