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The BDI is a barometer of maritime trade, and the shipping trade network may graphically reflect trade pattern
evolution. Because commerce influences freight prices, it is worthwhile to consider the influence of maritime
network characteristics on freight rates. To begin, this article constructs maritime networks using AIS data and
displays the dry bulk trade trend in the period following the pandemic. This will assist shipowners and laypeople
in comprehending the evolution of dry bulk maritime commerce in the post-pandemic age. Second, the PVAR

model is implemented in this work to investigate the connection between the trade in shipping mode and freight
prices. The empirical study demonstrated that shipowners ought to devote more attention to port linkages,
particularly significant ports in the maritime network in the years following the pandemic.

1. Introduction

Nowadays, international dry bulk logistics plays important role in
the world economy. As is known, the dry bulk freight index is the key
factor to measure global worldwide dry bulk trade. Not only freight
index is affected by global tonnage supply and transport demand but
also is affected by worldwide exogenous shock. Remarkable notice has
been shown that Baltic Dry Index (BDI) dropped below 500 points in
2020, compared to the same time in 2019 fallen than 78 %. However,
with the recovery of the world economy in 2021, BDI has increased by
equal to 1916 points, which is higher than the same time in 2020. To
prevent the spread of the COVID-19 Pandemic, almost all countries had
taken active prevention, which has greatly restricted the development of
port trade. This would cause damage to the global trade supply chain
and affect freight rates through the transmission mechanism of demand
and supply. In addition, the dry bulk freight index would be influenced
by the relationship between market demand and supply and its struc-
tural change. Since many countries participating in international dry
bulk trade, this complicated relationship can be vividly shown in a
complex network. The evolution of network structure over time would
also have an impact on freight rates.

Our research contributes to the current literature in several ways.
Firstly, we show the change in the maritime dry cargo trade network on

* Corresponding author.

monthly basis, which shows the accuracy and timeliness of dry cargo
supply. Secondly, this is common knowledge that shipping trade pat-
terns would influence shipping freight prices as well as complex network
indicators would vividly explain shipping trade patterns. This article is
the first time that builds the relationship between maritime complex
network indicator to freight rates, which help and support subsequent
scholars to understand shipping rates deeply.

Based on complex network theory, this paper would vividly show the
dry cargo shipping trade pattern on monthly basis, and the evolution
trend of ports is sorted out. What’s more, to quantify the analysis of this
interesting mechanism, we use panel vector autoregression to analyze
the interaction between port trade structure and bulk freight rate. The
remainder of this paper is structured as follows: Section 2 presents a
critical literature review of current research. Section 3 carries out the
methodology used in this article. Section 4 shows dry cargo shipping
trade patterns based on AIS data on monthly basis in post epidemic era.
Section 5 uses the econometrics method to analyze the relationship
between dynamic indicators of shipping networks and freight rates. In
Section 6, we make our conclusions derived from our analysis.
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2. Literature review
2.1. Study of maritime complex network

The shipping industry plays an important role in the world economy.
Shipping activity takes up nearly 80% of world trade, according to
UNCTAD (2019). In recent years, AIS data has been applied in many
research fields, especially in trading analysis. (Kaluza et al., 2010;
Adland et al., 2017; Chen et al., 2020). Research often combines com-
plex network theory with the following advantages. First of all, Con-
necting AIS data into a complex network can timely grasp the changes in
the supply side and demand side of the shipping industry. Besides, the
complex network model used in maritime can systematically grasp the
shipping structure from the whole to the part. From the perspective of
tankers, some researchers have evaluated the spatial-temporal charac-
teristics of the global crude oil network. (Yan et al., 2022, Peng et al.,
2019). They summarized the evolution trend of the tanker shipping
network and discovered ‘big routes’ in tanker traffic that would help
shipowners make sense of strategic implications in maritime oil trans-
portation. What’s more, other researchers have verified the relationship
of a complex network with the fluctuation of crude oil prices. (Mou
etal., 2020; Yu et al., 2019). Such studies witness that the fluctuations in
oil prices contribute to maritime network changes among different
countries. From the perspective of container ships, current scholars pay
attention to the network capacity and connectivity of each port. (Wang
and Cullinane, 2016; Cheung et al., 2020). With the influence COVID-19
Pandemic, some scholars focus on the impact of the pandemic on the
liner network. (Notteboom & Rodrigue, 2022; Jin et al., 2022; Xu &
Yang, 2020). They used shipping AIS data to analyze the impact of
COVID-19 on international container liner ports. They found that the
global liner container network is an economic small-world network with
a low wiring cost and high transportation efficiency. The COVID-19
pandemic has caused global liner container networks to increase in
connectivity can decrease in intensity. The pandemic has significantly
improved the competitiveness of ports in China, Busan Port, Singapore
port, and Hong Kong port. From the perspective of LNG ships, for the
high technology required in construction, current research for AIS data
combined with the maritime network is not so much. Peng et al. (2021)
studied the global LNG transportation and shipping network by col-
lecting AIS ship trajectory data from 2013 to 2017. The study shows the
LNG network has developed multiple closely connected trading com-
munities since 2013 and the ports in one community have become more
concentrated in geographical locations. Singapore port, Ras Laffan, and
Khorfakan play an important role in the LNG shipping network.

2.2. The influence of supply and demand in the shipping sector on freight
rates

Freight rate has been considered as one indicator that affects eco-
nomic activity and influences the stock market. (Kilian, 2009; Kilian &
Zhou, 2018; Kilian and Park, 2009). The fluctuation of freight rates is
unstable, and little is known about fluctuations in freight rates. The
mechanism between freight rate and demand and supply side of the fleet
is endogenous. When the freight rate is high, shipowners would increase
their orders for new buildings and vice versa. However, the demand of
the shipping sector would be affected by high freight rates. Such ques-
tions deserve the attention of econometricians.

Numerous researchers have analyzed the impact of shipping freight
rates on maritime demand and supply. They try to quantify the influence
of exogenous shock on the maritime sector and choose the number of
port calls as an agency. (Kamal et al., 2021; Xu et al., 2022; Michail &
Melas, 2020). They have provided a clearly measurable picture of the
kinds of trade shocks and consequent pattern changes in port calls over
time caused by responses to lockdown policies of varying levels of
stringency. Apart from variables of port calls, port congestion is also
considered an agency for the shipping sector’s supply. Bai et al. (2022)
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find evidence of the causal effect of port congestion in its severity on
freight rate when the market condition is tight. Other characteristics of
the research would focus on the relationship between shipping freight
index, like BDI, oil price, etc. (Kavussanos, 1996; Siddiqui et al., 2021).
Study research show that the shipping freight index reflects macroeco-
nomic conditions. Correlations between one indicator to another indi-
cator exist that would be helpful for shipowners and operators dedicated
to the investment decision.

On the other hand, there also exists literature focusing on shipping
demand and supply affect freight rates. These researchers often pay
attention to the markets, such as the newbuilding market and ship
dismantling market. Nomikos & Tsouknidis (2022) have shown that the
supply sector in maritime fleet supply has a great effect on real freight
rate. It is the first time that demand and supply shocks driving shipping
freight markets and assessing their impact on net contracting activity.
Jacks and Stuermer (2021) provide evidence on dynamic effect of fuel
price shock, shipping demand and shipping supply shock on freight rate
in the long run, which is the period from 1850 to 2020. They found that
shipping demand shocks strong dominate all other drives of real dry bulk
freight rate.

2.3. Research contribution

The gap in the current literature survey can be described as follow.
To be honest, current researchers have not well explained the evolution
of dry bulk shipping networks. This will help shipowners to appreciate
the evolution of dry bulk shipping networks, especially in the wake of
COVID-19. Besides, since the shipping network can vividly describe the
shipping trade pattern, and freight rate is the most concerned index of
the shipping trade, understanding the relationship between the two will
help shipowners better understand the operation mechanism of the
shipping market. However, there exists an endogeneity problem be-
tween the shipping demand and supply sector and freight rates. Current
researchers have only made a unilateral explanation for this influence
mechanism. This paper tries to answer these two questions, which would
be useful for shipowners choosing their own routes and matching the
appropriate freight rates to maximize the economic benefits. In addition,
Both Li et al. (2021) and Michail & Melas (2021) have confirmed that
port operation efficiency and epidemic control have an impact on freight
rates, so they are selected as control variables in the empirical analysis in
the following article.

3. Data and methodology
3.1. AIS dataset and data processing

Automated Identification System (AIS) is a ship motion tracking
system based on radio signals. It can track ship movements and record
shipping dynamic information. (eg. Latitude and longitude position,
speed, navigational heading, navigational status). Dynamic data are
recorded by GPS but the voyage information is recorded manually.
Therefore, there exist missing data and we corrected it successfully.
From AIS data, we were able to get information on each ship, especially
for start and end points, congestion hours, assignment hours, etc.

In this study, the Automatic Identification System (AIS) data is pro-
vided by COSCO Group, which is the biggest shipping company in China
with more than 3000 coastal ground stations, from January 2020 to May
2022, including 29 months during COVID-19 Pandemic. The data
include three types of dry bulk ships, including Capesize size, Panama
size, and Very Large Ore Carrier (VLOC). The detailed fields of AIS data
record relevant information such as ship name, MMSI, shipload, ship
draft, port of departure, port congestion, and cargo type. In addition, we
determine whether a ship is discharging at the port based on the draft
change between ship entry and departure. What’s more, in the following
study, we sort such information from departure port to destination port
and entered the network into Gephi, which can help us to draw complex
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networks and calculate indicators. Apart from network indicators, we
calculate the ballast time, operation time, number of calls of the ship for
each harbor, and the stringency index for COVID-19 provided by our
world in data. For all information, we match them together and then
take a closer look. Fig. 1 vividly presents our data and we can see several
‘big routes’ for dry bulk ships, for example, Brazil to South Africa, South
Africa to China, Australia to China, etc. Figs. 2-3.

3.2. Methodology

3.2.1. Network construction

Shipping network has been widely used in maritime research (Peng
et al. 2020; Jin et al., 2022; Kanrak & Nguyen, 2022 etc.), which can
vividly describe the maritime trading pattern. The simplification of AIS
data helps researchers focus on dry bulk based on port-to-port. The
network graph can be defined as G = (V, E, W) which reveals that dry
cargo shipping leave from one port and arrive at the other port. V = {v;}
indicates the number of ports in G and {e;} indicates that all edges that
link between port i and j. {w;} represents the weight of the edges which
indicates journey frequency from one port to another. The following
figure shows the process of building our shipping network.

After making the construction of the maritime network, we introduce
several network indicators to describe the global dry bulk maritime
network. The characteristic of the maritime network can be defined as
follow.

(1) Overall analysis of shipping network

1. Average shortest path length
The average path length of the network reflects the topological
transit distance between any two ports. (Ashton et al., 2005). The
formula can be given as follows.

L= ﬁZ > di.J) e))

i€V jAieV

where n is the port number in maritime network. d(i,j) is the topo-
logically path between i and j. i and j indicate mediate port This
index explains the speed of the spread of goods in the shipping
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network.
2. Average clustering coefficient

The average clustering coefficient of the network reflects the overall
closeness of all ports in the network. (Newman, 2003). The formula can
be given as follows.

1
C=3> G @)

veVv

C - |{e,-,-:i,j€N‘,,el-jeE}} 3)

' k(k, —1)/2
Where N indicates the number of ports in the maritime network. C,
mean clustering coefficient of port v. N, indicates ports which are
correlated with v. k,means the size of the set N,. e; is the number of
edges in the network connecting all k, neighbors of port v. The higher of
the average clustering coefficient, the closer relationship between each
port in maritime network, which means goods flow more smoothly be-
tween the two ports.

(2) Shipping network node indicators

1. Degree and weighted degree
The degree of the maritime network expresses the number of
routes that one port connects with another. The equation can be
defined as follow.

Di=k 4
Where k; is the number of ports linked to port i. A higher degree
signifies that the port has higher importance in a related area. While

the weighted in-degree indicator adds the consideration of voyage
number. This can be defined as follow.

N
5= ) wiki (5)
=1

Where w;; indicates the number of voyages on a specific route. A
higher value in s; would describe this port has a higher role in the

Fig. 1. Full trajectory of bulk carriers all over the world.
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Fig. 2. Modeling process of shipping network.
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Fig. 3. Number of ship route and Number of ports.

local area.
2. Closeness centrality

Closeness centrality considers the shortest average path length
from each port to the other, which reflects whether one port is at the
center of the network. This indicator in the complex network in-
dicates the anti-control ability of the global dry cargo network. If one
port has a high value of closeness centrality, it may easily access
resources. This variable can be used to evaluate the spread of the dry
cargo volume. This could be formulated as follow.
CC; = !

b Xd(ing)

i

©

3. Eigenvector centrality

The eigenvector centrality of the nodes reveals the relationship be-
tween one port and an important port. This indicator measures the
distance from the important port in the network, which reflects whether
one port has enough important trade partners. In the dry cargo market,
only a few countries control the energy market and it is necessary to
establish stable relations with large suppliers and demanders. Eigen-
vector centrality can be calculated as follow. (Bonacich & Lloyd, 2001)

1
EC,' =- W,EC (7)
LS e

JEN:

(3) Shipping network community division

Community is a group of nodes that are closely connected internally
and loosely connected externally. The formation of community is the
result of both internal and external dynamics. In this paper, the algo-

rithm proposed by Blondel et al. (2008) is used to partition the dry bulk
shipping trade network. In this algorithm, modularity is used as an in-
dicator to describe community classification, and the formula is calcu-
lated as follows.

1 AA;
0= ﬂz {Wu - 2m}5(ch G)

i

(®

Where w;; indicates the weights of the network point-to-point connec-
tions A;represent the sum of the weights of node i. A; represents the sum
of the wights of node j. C; represents the community in which node i is
located. When C; = Cj, 5(C;, Gj) =1, else (C;,Cj) =0, m = > wy.

i

In the initial case, each node is treated as a community. For node i,
when point i is included in the adjacent j community, the algorithm will
produce an increment due to modularity AQ. This process is repeated. If
it is not positive, then i stays in the original community, if it is positive, i
joins the community with largest AQ, until the process is irreparable.

B Fin (zzoz)z(&)z] ©

2m 2m 2m

S Ciw+Aii
2m

tot + A;
AQ = Z;* i
m

-

Where Y Ci, is the total weight of all internal connected edges in
community C. ) tot represents the total weight of the connected edges
of all nodes in community C. 4; is the sum of the weights of all i-con-
nected edges. A;;, indicates the sum of the weights of edges that point
from i to all nodes in community C. m is the total weight of all connected
edges of the network.

3.2.2. Panel vector autoregressive (PVAR) specification

The vector autoregressive model was first proposed by Sims (1980).
It mainly constructs the regression model of lagged variables of endog-
enous variables to explore the dynamic relationship between variables.
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This model is widely used in time series analysis. Holtz-Eakin et al.
(1988) proposed the panel vector autoregression method. This method
combines the advantages of panel analysis and VAR and also overcomes
the disadvantage of insufficient sample size, which makes it more
convincing. At the same time, individual effect and time point effect
variables can be introduced to capture individual fixed effects and
common shocks received by different sections respectively and it is
possible to analyze the dynamic response of variables in the face of
shocks. Since there exist endogenous between average transportation
price (BDI) and the indicator of the trade pattern, therefore we choose
the PVAR model combined with impulse response function (IRF) anal-
ysis. Our PVAR model is established as follows:

Yi=pYu1 +PXi1 + € (10)
Where Y;; represent the vector of (BDI,dInWD, dInCC, dlnEC)T,Xit rep-
resents the vector of control variable and ¢; represent random error. For

Average shortest path length

3.8
3.6
34

the control variable, Kamal et al. (2021) have represented that BDI is
highly impacted by the number of confirmed cases. Therefore, we
choose the stringency index, which is provided by Our World in data,
and the sum of ship operation time in each port as the control variable.
In this paper, the PVAR command of stata written by Love and Zicchino
(2006) is used to estimate the parameters of the model by GMM method.
The interaction coefficient between freight rates and network indicators
is obtained.

4. Dry cargo shipping trade patterns in the post-epidemic era

In this part, we will use Vos viewer, Gephi, and other software to
draw the shipping network structure diagram, so as to find the evolution
trend of the dry bulk shipping network in the post-epidemic era. Here,
the shipping network indicators we consider include the overall network
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indicators and node indicators. This will summarize the evolution of the
dry bulk shipping trade in the post-epidemic era.

4.1. Analysis of network topology

First, we counted the number of ports and related routes in the
shipping network from January 2020 to May 2022, and drew the his-
togram. It can be concluded that since the outbreak of the pandemic, the
overall changes in the dry bulk network tend to be stable. The dry bulk
market is subject to some seasonal fluctuations. With the development of
time, the dry bulk shipping network gradually mature. To some extent,
the possibility of short-term excess profits for shipowners becomes
smaller.

Secondly, we calculated the shortest path length and the average
clustering coefficient of the shipping network, and summarized the
changing trend from January 2020 to May 2022.

average clustering coefficient

0.25
0.2
0.15 WW
0.1
0.05
0
THMWOMNSND AT MWUOMNO MW
EEEEEZSEEEEEZDEEE
So0O000 Edaddad ENNN
Ao NN H ANl
OO O OO NODOOOONO OO

The average shortest path length of the shipping network is between
3.2 and 3.6, and the average clustering coefficient is between 0.1 and
0.2. The variation of the two coefficients is seasonal. In summer, the
average shortest path of the dry bulk shipping network is larger, which
means more demand and ships need to call in multiple countries.
However, the average aggregation coefficient was smaller in summer
and more clustered than in other seasons.

4.2. Hub port analysis

In Section 4.2, we summarize nodes network indicators calculated by
month, which has been introduced in Section 3. We selected the top 13
ports in the dry bulk network and observed their indicator changes in
January 2020 and May 2022, respectively.

Rank Name 2020 month 1 2022 month 5
Weighted degree Closeness centrality Eigenvector centrality Weighted degree Closeness centrality Eigenvector centrality

1 Hedland 85 0.380198 0.753392 130 0.375701 0.91549
2 Walcott 77 0.392638 1 71 0.368132 0.968012
3 Dampier 53 0.366412 0.600653 43 0.364791 0.987925
4 Zhoushan 46 0.339223 0.367398 61 0.376404 1
5 JingTang 44 0.383234 0.68643 18 0.380682 0.7149
6 Ningbo 37 0.384 0.512253 39 0.372913 0.7927
7 Jiangyin 35 0.392638 0.73643 60 0.369485 0.939919
8 Taicang 33 0.349091 0.547933 46 0.372913 0.856692
9 Rizhao 32 0.395062 0.699554 30 0.39802 0.772857
10 Caofeidian 30 0.39834 0.534062 41 0.421384 0.979084
11 Lanshan 28 0.354244 0.302393 25 0.357016 0.513129
12 Saldanha Bay 28 0.39834 0.551167 31 0.430407 0.781969
13 Newcastle 26 0.372816 0.626289 22 0.372222 0.7228




X. Wang and W. Wang

Among the top 13 ports, the change in weighting degree varies, with
some ports increasing and some ports decreasing. It is worth noting that
the weighted degree of ports in the Yangtze River Delta region of China
has generally increased, which proves the importance of East China in
dry bulk trade. Comparing the eigenvector centrality, the most impor-
tant port in dry bulk trade has changed from Walcott Port to Zhoushan
Port. This reflects the absolute improvement of China’s status in dry bulk
trade. This can be attributed to the fact that China was first to contain
the epidemic and reopen first. Coupled with the increase in. global dry

(a) Community I

= = e - e

(e) Community V
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prove this.

4.3. Trade community

Subsequently, we classify the ports of the dry bulk shipping network
into communities. The community division algorithm has made by
Blondel, which has been explained in Part 3. We summarized all the
routes from January 2020 to May 2020 and divided the ports by com-
munity, and the results of the division were as follows..

-

¢.

(f) Community VI

The dry bulk seaborne trade network is divided into six communities
by the algorithm. Community [ show ports from eastern Asia to the Suez
Canal and along the Mediterranean coast and eastern South America.

bulk demand, resulting in a shift in the focus of dry bulk trade. From a
demand perspective, it seems that it is more profitable for shipowners to
ship dry bulk vessels to China, but empirical analysis is still needed to
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Table 1 Table 4
Description of each variable. GMM estimation of PVAR.
Variable Variable description m (2) 3) @
name VARIABLES dInbdi dInCC dlnWD dInEC
BDI The average transportation price for bulk dry cargo L.dInbdi -0.0658 * ** -0.00371 * * -0.00344 -0.00191 * **
WD The weighted entry degree of the shipping network measures the (0.00670) (0.00187) (0.00580) (0.000624)
alternative for the dry cargo supply. L.dInCC 0.0334 * -0.456 * ** 0.194 * ** 5.82e-06
CC The close centrality of the shipping network, which indicates the (0.0191) (0.0139) (0.0214) (0.00122)
spread of dry cargo volume L.dInWD -0.0306 * ** 0.0559 * ** -0.129 * ** 0.00722 * **
EC Eigenvector centrality of the network, which measures the (0.00495) (0.00212) (0.00640) (0.000542)
relationship between the port with other important ports. L.dInEC 0.267 * ** -0.110 * ** -0.183 * * -0.403 * **
OoP Measure the operating time of the port to reflect the efficiency of the (0.0645) (0.0126) (0.0742) (0.0145)
port dlnOP -0.00242 * * 0.0249 * ** 0.190 * ** 0.00376 * **
stringency Epidemic control index (0.00106) (0.000505) (0.00145) (9.60e-05)
dlnstringency 0.0427 * ** -0.00103 0.00793 * * -0.000172
(0.00189) (0.00147) (0.00339) (0.000359)
Community II connects eastern Asia and western Australia. Community Observations 23,712 23,712 23,712 23,712

III East Asia is linked to India via the Strait of Malacca and to ports in the
western Americas. Community IV is related to Japan, India and the Cape
of Good Hope in Africa. Community V connects Western Europe to
eastern America via the Atlantic Ocean. Community VI is interlinked
within East Asian ports. Community dividend can be seen that East Asia
occupies the most important position in the global dry bulk maritime
trade pattern. In addition, the division of the community has a great
connection with the mainstream route of dry bulk cargo. This means that
in post COVID-19 pandemic era, the shipping pattern of dry bulk cargo
has stability and mainstream shipping routes already exist. In this mode,
the owner’s excess profit is no longer the opening of routes and the in-
crease or decrease of voyages. It is important to grasp the connection
between ports and pay attention to the news that the ports are under
epidemic control in real time. This will be empirically examined in the
next sec-tion.

5. Empirical analysis
5.1. Variable description

Table 1 describes descriptive statistics for variables in the model
which has been introduced in 3.1. This includes not only endogenous
network indicators and freight rate variables, but also exogenous vari-
ables such as port operation hours and the extent of epidemic control.
The interpretation of each individual variable is as follows.

For the description of each variable above, we make descriptive
statistics for each variable to explain our data vividly. Due to the
different value ranges of the relevant indicators, they are processed with
the corresponding logarithms. For indicators that take a value less than

Table 2

statistical description.
Variable N mean sd min max
Inbdi 25,536 7.481 0.609 6.133 8.481
InWD 25,536 1.063 1.242 0 5.635
InCC 25,536 0.125 0.135 0 0.693
InEC 25,536 0.048 0.104 0 0.693
InOP 25,536 3.316 3.149 0 9.782
Instringency 25,536 3.887 0.751 0 4.615

Table 3

ADF test.
Variable Method Adjusted-t p
InWD demean -410 0.000
InCC nonconstant -21.84 0.000
InEC demean -39.95 0.00
InOP demean -300 0.00
Instringency demean -100 0.00
Inbdi all -2.203 0.205
dInbdi nonconstant -5.957 0.00

Standard errors in parentheses* ** p < 0.01, * * p < 0.05, * p < 0.1

one, one is added before taking the logarithm to ensure that the data are
basically stationary. It could find that variable Inoperation has the
highest standard deviation which indicates that operational efficiency
varies from port to port and the reason is that the infrastructure con-
struction of ports is very different. (Tables 2-5).

5.2. Stationarity test

Before panel regression analysis, the stationarity test is carried out.
Because BDI is a time series, ADF test is used, and other indicators are
panel data, and LLC is used. It can be seen from the above table that the
stability test of Inbdi fails, so all variables are processed by first-order
difference to obtain the following variables dInWD, dInCC, dInEC,
dInOP, dInstringency, and dInbdi. If the variable passes the stationarity
test, the first-order difference variable must pass the stationarity test.
The result of Stationarity test is shown in the following table.

5.3. GMM estimation of the PVAR model

After performing the stationarity test, we start to estimate the model
using the GMM method. We determine the optimal lag order is of order
one. dInOP and dlnstringency are treated as exogenous variables in the
model. There is strong endogeneity between BDI and network property
variables. Therefore, we use this model. GMM estimation of PVAR is
shown in follow.

Eq. (1) shows the growth of BDI as the explained variable. Firstly, the
dynamic impact of one-period lagged BDI growth on itself is 0.0658,
which is significant at the level of 1%. This indicates that the growth of
the BDI in the previous period has a clear weakening effect on the
growth of the BDI in the subsequent period. This corresponds to the
trend of BDI after the COVID-19 outbreak. Secondly, the variables of the
nature of the shipping network lagged by one order all clearly affect on
the growth of BDI. An increase in closeness centrality and eigenvector
centrality will bring about a positive and significant effect on the growth
of BDL. This implies that the closer the ports are to the shipping network,
the faster the BDI grows. In addition, an increase in the weighted entry
degree will decrease in the BDI growth rate. This means that shipowners
should reduce the number of routes and reduce the voyage frequency in
shipping during the later stages of the COVID-19 pandemic. On the

Table 5
Variance decomposition for stable situation.
s dlnbdi dlnWD dinCC dInEC
dlnbdi 4 0.9988883 0.000276 0.0001212 0.0007185
dlnWD 4 0.0001392 0.994120 0.0005478 0.0003602
dInCC 4 0.0001240 0.024213 0.9740244 0.0001640
dInEC 4 0.0006801 0.157114 0.0031451 0.8390608
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Fig. 5. Impulse response diagram.

contrary, in order to obtain more profits, the mutual relationship be-
tween ports should be consolidated, such as strategic alliance. In addi-
tion, exogenous variables such as the degree of epidemic control and the
change of port operation time also have an impact on BDI growth. The
improvement of port efficiency will lead to changes in BDI growth, while
the stricter the epidemic control is, the more BDI growth will be.

Eq. (2) shows closeness centrality is taken as the explained variable.
The growth of freight rates in the previous period, the growth of tight-
ness centrality itself in the previous period, and the growth of eigen-
vector centrality in the previous period have an inhibitory effect on the
increase of tightness centrality in the current period. It shows that stable

strategic relationships have been formed in the dry bulk seaway trade
model. Building new alliances requires greater effort. However, the in-
crease in port efficiency and the development of routes, and the increase
of voyages will make the increase of closeness centrality smaller.
However, the increase in port efficiency and the development of routes,
and the increase of voyages will make the increase of closeness centrality
smaller. The control of the epidemic has had little impact on the tight-
ness of shipping networks.

The growth of the weighted entry degree is shown in Eq. 3. Changes
in one-period lagged BDI growth do not directly lead to changes in WD
growth. This reflects the lag of the change of BDI by the behavior
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decision of the shipowners. WD is mainly affected by changes in the
nature of the networks. It is proved that these several shipping network
indicators are interrelated. It is worth noting that the control of the
epidemic has a great impact on WD. The management and control of the
epidemic have affected the decision-making factors of shipowners.

The growth of the eigenvector centrality is shown in Eq. (4). Eigen-
vector centrality reflects the important Chengdu of the node shipping
network. The increase in freight rate will lead to a decline in the
importance of nodes because the relevant ship owners directly reduce
port calls during the voyage due to the increased freight rate. The
growth of the port’s own eigenvector centrality lagged one period has an
inhibitory effect on the current period. While WD growth lagged one
period and the exogenous variable OP growth have a facilitating effect.
This would correspond to the definition of eigenvector centrality. Sub-
sequently, we conduct relevant robustness tests on the model, which is
shown in Fig. 4. All the characteristic roots are within the unit circle and
the model is considered stable.

5.4. Impulse response analysis

The PVAR model can dynamically reflect the interrelation of
endogenous variables. With the help of the impulse response function,
the influence of controlling one variable on other variables can be
studied. In this study, 200 Monte Carlo simulations with a time set to 5
periods were conducted to dynamically react to the relationship be-
tween freight rates and the network node nature index. Fig. 5.

As can be seen from the figure, the effect of the variable on itself is
obvious. In terms of freight rates, it is worth paying attention that the
increase in the relationship between ports and important ports has a
significant impact on the growth of freight rates. Changes in the nature
of the shipping network, the importance of the port, and the closeness
centrality of the port will lead to changes in the weighted in degree. This
means that during the pandemic, ship owner profits should not be made
by opening new routes or adding voyage frequency. Instead, shipowners
should focus on the connections between ports, such as related policies
and trade alliances. In this way, they can successfully use the increase in
freight rates to their own profit.

5.5. Variance decomposition

Variance decomposition analysis can decompose the variance of
variables into each disturbance term and analyze the contribution of
each unit of shocks to the predicted coefficient of variation of endoge-
nous variable error. The following table shows the contribution degree
of each variable to the explained variable when the steady state is
reached. The results of the variance decomposition are consistent with
the conclusions of the impulse response. Besides its own contribution to
BDI growth, the biggest contribution of network properties is the growth
of eigenvector centrality. In the variance decomposition of network
property variables, eigenvector centrality has a certain impact on both
weighting degree and closeness centrality. It is concluded that since the
beginning of the pandemic, shipowners need significant nodes in the
shipping network. Shipowners should pay close attention to the latest
developments in such ports, which connect to important ports, and their
epidemic control. While not blindly expand, which will not maximize
profits.

6. Conclusion

In this study, we attempt to explain the impact of the post-pandemic
dry bulk maritime trade patterns on freight rate.

First, we examine the overall characteristics of maritime trade net-
works, as well as community divisions. Dry bulk shipping trade network
was basically stable during the pandemic, but the port-to-port trade was
still affected by seasonality. Besides, the community division of the
shipping network is highly correlated with the ‘big’ routes. In this stable
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pattern, the possibility of the shipowners to obtain excess profits de-
creases. What is worth paying attention to is the degree of port-to-port
connection in the post-pandemic era, which is very affected by the
epidemic control. In the network community division, Chinese ports are
closely connected with other communities. This demonstrates China’s
absolute position in the dry bulk trade. The main reason is the rise in
demand caused by China’s first reopening up.

Secondly, we make statistics on the node indicators of the shipping
network and complete the empirical analysis. Node information statis-
tics have shown that the status of China Port in the trade pattern has
been improved in the post-epidemic era. In the subsequent regression
analysis, we used the PVR model to find the relationship between
network properties and freight rates. The eigenvector centrality of port
has great influence and fluctuation on freight rate. And the improvement
of eigenvector centrality will lead to the improvement of port weighting
degree and tight centrality. This further argues for the port-to-port as-
sociation of interest to shipowners during the pandemic period, espe-
cially for important ports. Such behaviors as port strategic alliance, port
integration and port integration.

Our study is the first time to match trade patterns and freight rates.
Both are highly endogenous. Compared with other articles, we have
solved such problems. In addition, this paper gives the current situation
of dry bulk trade in the post-epidemic era in detail, which will help
shipowners to understand the dry bulk seaway trade patterns. It could
also help others gain a deeper understanding of the dry bulk trade in the
post-pandemic era. Study-relevant limitations are that because the
pandemic is still unfolding, the full spectrum of changes warrants
further exploration.
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