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Abstract: This study aims to reveal the spatiotemporal evolution patterns of the global frozen meat
trade network from 2003 to 2022 and assess its static and dynamic structural resilience. Based on UN
commodity trade data, directed weighted networks for beef, pork, mutton, and poultry are
constructed. By combining complex network theory and simulation and emulation models, the static
resilience is analyzed from four dimensions: transmissibility, clustering, hierarchy, and assortativity.
The impact of single node failures on network performance is simulated to assess dynamic resilience.
The results indicate that the global frozen meat trade network shows a trend of polarization, with
China emerging as the largest import hub and Brazil becoming the dominant exporter of beef and
poultry, reflecting the coexistence of regionalization and globalization. The static resilience analysis
reveals that the weighted network exhibits prominent hierarchy and increased assortativity. The
poultry network has the highest transmissibility, while the beef network demonstrates the strongest
resilience. Interruption simulation results show that the failure of core nodes causes more significant
damage to the weighted network, but the network’s invulnerability to disruption increases over time.
The conclusion emphasizes that the resilience of the frozen meat trade network is driven by both
weights and topological structure. Reducing dependence on key nodes through diversified trade
partners and optimizing regional cooperation is crucial for enhancing trade stability. The weighted
directed network model and dynamic resilience evaluation framework proposed in this study
provide new methods for global food trade risk management and supply chain optimization.

Keywords: Frozen meat; Trade network; Structural resilience; Complex network;

1. Introduction

With the global economic growth and the improvement of living standards, international frozen
meat trade has become an important part of global trade. It balances meat supply and demand,
promotes economic development, and meets the diversified needs of consumers[1]. According to
data from UN commodity trade, the total value of frozen meat trade has increased by 231.6% over
the past 20 years, with an average annual growth rate of 11.5%; the trade volume has increased by
78.3%, with an average annual growth rate of 3.9%. Beef, pork, mutton, and poultry are the dominant
categories, with average annual growth rates of 3.9%, 4.7%, 2.1%, and 3.4%, respectively. This
demonstrates the vitality of frozen meat trade and the differentiated growth of various types of meat.
However, the global meat trade landscape is complex and influenced by various factors. To protect
domestic industries, many governments adopt policy measures to restrict meat imports and
exports[2]. In recent years, public health crises such as the COVID-19 pandemic[3]and African swine
fever have posed challenges to the frozen meat supply chain. In order to fill supply-demand gaps
and mitigate the impact of international market shocks, countries need to carefully consider
moderately increasing meat imports[4]. Scholars have studied the relationship between meat and the
economy: Cheng et al. (2015) found that China's meat imports were negatively correlated with prices
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and positively correlated with real GDP[5]; Aranda et al. (2019) analyzed the import barriers faced
by Brazilian chicken[6]; Chapot et al. (2021) explored the impact of COVID-19 on the poultry food
system[7]; Calvia (2024) pointed out that the global meat price cycle is approximately 3.8 to 4.6 years,
with price synchronization intensifying during the COVID-19 pandemic and the Russia-Ukraine
conflict. Research on the resilience of the global frozen meat trade network can provide valuable
insights for addressing future trade risks[8].

In the field of food studies, numerous research efforts have been devoted to trade network
pattern. Ercsey-Ravasz et al. (2012) found that international agricultural and food trade networks are
highly heterogeneous, with a small number of countries occupying key positions[9]. Torreggiani et
al. (2018) revealed that international food trade networks have a multi-layered structure, where trade
agreements and geographical proximity are critical factors[10]. Chung et al. (2020) examined the
spatiotemporal dynamics of the global meat trade network, focusing on influences such as trade
agreements[1]. Karakoc and Konar (2021) discovered a synergistic relationship between the efficiency
and resilience of food trade networks when considering weighted factors[11]. Wang and Dai (2021)
and Wang et al. (2023) studied the evolution of global food/agricultural trade networks, noting
increasing complexity and structural multipolarity[12,13]. Clemente et al. (2023) found that
agricultural and food trade networks are influenced by multiple factors[14]. Silvestrini et al. (2023)
showed that the strength and complexity of food trade networks have significantly increased[15].
Alhussam et al. (2023) found that the centrality of the food trade network is positively correlated with
food security, while geographical distance negatively impacts food security[16].

In recent years, research on network resilience has grown significantly. The concept originates
from mechanics, where it is used to describe the ability of materials to recover[17], and was later
introduced to ecosystem restoration studies[18], eventually expanding to complex social-ecological
systems. As complex network theory evolved, academic discussions on network resilience increased,
covering fields such as urban networks[19], transportation networks[20], economic networks[21],
supply chain networks[22], and ecological networks[23]. Network resilience refers to the ability of
network members to collaborate across multiple dimensions, effectively responding to external
shocks and pressures, while also possessing recovery or transformation capabilities[24].

In the early stages of the development of complex network theory, researchers focused on the
basic topological properties of networks, such as node degree distribution, clustering coefficient, and
path length. These characteristics laid the foundation for subsequent research on network resilience.
Ash and Newth (2007) proposed optimizing network structures to enhance resilience[25]. As the
theory advanced, researchers began exploring the application of network resilience in different fields,
particularly in supply chains and infrastructure networks. Berche et al. (2009) emphasized the
importance of key nodes[26], while Reggiani (2013) explored the resilience of transportation networks,
noting that scale-free networks performed better under random failures. Mid-stage scholars delved
deeper into the analysis of network characteristics[27], with Zhao et al. (2011) examining the impact
of topological structures on supply chain resilience[28]. In recent years, research has expanded into
multiple dimensions and fields. Chopra et al. (2016) proposed a resilience assessment framework for
infrastructure[29], while Wang et al. (2018) and Yang et al. (2018) analyzed the relationship between
network characteristics and resilience[30,31]. Li et al. (2020) found that network characteristics better
reflect resilience than network type[32]. Wang and Dai (2021) explored the application of robustness,
elasticity, and centrality indicators[12], while Wang et al. (2021) revealed that the complexity of trade
relations enhances resilience[33]. Tan and Ma (2022) observed that a "two-core separation” structure
reduces resilience[34], and Liu et al. (2022) analyzed the robustness and resilience conceptual
frameworks of international trade networks[35]. Jiao (2024) assessed the structural resilience of trade
networks[36], while Li et al. (2024) analyzed the stability and vulnerability of the global chromium
ore trade network[37]. These studies have enriched our understanding of the static resilience of
networks.

Research on network resilience in the food sector has also made significant progress, Dolfing et
al. (2019) analyzed the impact of network topology, climate change, and sudden shocks on the
evolution of food trade networks, finding that topology has a significant effect on resource
distribution and population growth[38]. Hedlund et al. (2022) studied the impact of climate change
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on the stability of crop trade networks, noting that the maize trade network is the most vulnerable,
while the wheat and rice networks are more resilient[39]. Enns et al. (2023) explored the increased
vulnerability of wildlife meat trade networks during the COVID-19 pandemic[40]. Dong et al. (2024)
simulated trade node attacks to analyze the resilience of the cold-chain meat product trade network,
finding that it demonstrated robustness under random attacks and vulnerability under targeted
attacks[41]. Ji et al. (2024) and H. Xu et al. (2024) studied the structural changes, dynamic evolution
characteristics, and potential vulnerabilities of the global food trade network, revealing the tightness
of network connections and the resilience differences among different crop trade networks[42,43].
Through a systematic literature review and analysis, this study summarizes and organizes the
various indicators related to network structure resilience, as shown in Error! Reference source not
found. below.

Table 1. Literature on indicators related to network structure resilience.

Evaluation Measurement
Dimensio . Some of the Mentioned Literatures
ns Indicators
network density Gao et al. (2016) [44]; Wu et al. (2024)[45].
redundanc  Number of nodes and Yuan et al.(2022)[46]; Chen and Chen (2023)[47]; Xu and
y edges Xu (2024)[48].
average degree Kim et al. (2015)[49].
global efficiency Bai et al. (2023)[50]; Ji et al. (2024)[42]; Li et al. (2024)[51].
Gao et al. (2015)[52]; Kim et al. (2017)[53]; Herrera et al.
h length
average path lengt (2016)[54].
diameter Berche et al. (2009)[26]; Zhao et al. (2011)[28]; Miao et al.
connectivit (2024)[55].
. ¢ .
Y proportion of nodes in . 4 1 (2017)[53]; Reggiani et al. (2013)[27]; Dong et
the largest connected
al. (2021)[56].
subgraph
average number of Li et al. (2024)[51]; Wu et al. (2024)[45].
independent paths
1. (2021)[57]; Arti . (2024)[58]; Li 1.
clustering coefficient Wan et al. (2021)[57]; Artime et al. (2024)[58]; Liu et a
clustering (2022)[35].
Modularity Chopra et al. (2016)[29]; Ash and Newth (2007)[25].
reciprocity Miao et al. (2024)[55].
hierarchy dégfee dis.tljibution Artime et al. (2024)[58]; Reggiani et al. 2013()[27].
Gini coefficient Sun et al. (2023)[59].
assortativit Pearson correlation-
based assortativity Ash and Newth (2007)[25]; Sun et al. (2023)[59].
y coefficient
cohesion K-shell Wu et al. (2024)[45]; Wang an Dai et al. (2021)[12]
. Yuan et al. (2022)[46]; Miao et al. (2024)[55]; Meng et al.
degree centrality (2023)[60].
eigenvector centrality Meng et al. (2023)[60]; Ji et al. (2024)[42]
centrality Clark et al. (2018)[61]; Berche et al. (2009)[26]; Li et al.

closeness centrality

betweenness centrality
Pagerank centrality

(2020)[32].
Xu and Xu et al. (2024)[48]; Kim et al. (2015)[49].
Meng et al. (2023)[60]; Ji et al. (2024)[42].

The existing research on trade network patterns and network resilience based on complex

network theory provides a valuable foundation for this study, yet there are still several research gaps:
(1) There is a lack of systematic and widely accepted evaluation standards for trade network
resilience. Given the uniqueness of each network, resilience evaluation indicators should be
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customized for specific networks. (2) In the resilience assessment of the food trade network, although
relevant results have been achieved in the research on static resilience related to network structural
characteristics, most resilience studies do not take into account the weighting factors of trade intensity
distance. Research on the resilience of weighted networks is relatively scarce. Meanwhile, research
on dynamic resilience assessment under disruptions is still in its infancy. (3) Compared to resilience
studies in energy and mineral trade networks, research on food trade networks is relatively
insufficient, and there is a significant gap in the resilience studies of frozen meat trade networks. This
necessitates a comprehensive analysis of the evolution of frozen meat trade network resilience from
both temporal and spatial dimensions.

This article first constructs a directed weighted trade network based on global frozen meat trade
data from 2003 to 2022 provided by the United Nations Commodity Trade Statistics Database. Then,
by analyzing the network's structural characteristics and simulating the performance under single
node disruptions, it empirically studies the network's static resilience and dynamic structural
resilience. The specific contributions are as follows: (1) From both temporal and spatial perspectives,
the static and dynamic resilience of the frozen meat trade network are analyzed and visualized in
depth. This analysis highlights the critical role of visualization techniques in studying network
resilience. Additionally, this analysis has profound significance for improving the security and
stability of frozen meat trade supply. (2) A dynamic resilience evaluation model under disruption
disturbances is designed, which provides an important supplement and reference to the trade
network resilience evaluation framework. (3) By simulating resilience loss caused by single node
disruptions, we rank the importance of nodes in the frozen meat trade network and identify key
nodes. This research provides a scientific basis for enhancing trade security and stability.

The remainder of this paper is organized as follows: Section 2 introduces the research
framework, model construction, and data sources; Section 3 presents the computational results; and
the paper concludes with a summary.

2. Research Methods and Data Sources

2.1. Research Framework

This study focuses on frozen meat as the subject of research. Based on existing literature on the
definition of frozen meat, it is primarily categorized into four major groups: beef, pork, mutton, and
poultry. Although other types of frozen meat are not discussed in this paper, this classification is
sufficient to allow for an in-depth analysis of the changes in the global trade network pattern of these
four major categories of meat products and their resilience characteristics. The specific classification
and corresponding HS codes are shown in Error! Reference source not found..

Meat of bovine animals; "
fresh or chilled. Meat of swine; Meat of sheep or goats; Meat and edible offal of

Meat of bovine animals; fresh, chilled or frozen. fresh, chilled or frozen. poultry;

£ fresh, chilled or frozen.
rozen.

Figure 1. Classification of frozen meat.

Based on complex network theory and resilience theory, this paper measures the resilience of
the global frozen meat trade network from two perspectives: static structural resilience and dynamic
structural resilience. Static structural resilience reveals the redundancy and stability of the network
from the perspective of its topology, while dynamic structural resilience highlights the network's
vulnerability and invulnerability in response to shocks as it evolves over time. As a typical directed
weighted network, the resilience measurement of the global frozen meat trade network requires not
only attention to trade relations between countries (regions) but also a focus on the significant impact
of trade volume on resilience measurement. Based on existing research and the practical situation of
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the global frozen meat trade, we have constructed a network structural resilience evaluation indicator
system, as shown in Error! Reference source not found..

Table 2. evaluation indicator system for the structural resilience of the global frozen meat trade network.

Aspect Influence Indicator Impact on the Network
Factor
Global efficiency measures the speed and capacity of
global information transmission in the trade network. The
transmissibility efficiency higher the efficiency, the smoother the flow of
information or materials, resulting in stronger
resilience.
The average clustering coefficient measures the local
structural density of the trade network. The higher
average the coefficient, the tighter the local clustering
clustering clustering  between countries (regions), which helps improve
coefficient ~ the network's local stability and robustness, as well
as its connectivity and transmission efficiency,
thereby enhancing network resilience.
Degree distribution refers to the probability
Static distribution of node degrees. Its impact on network
resilience is dual: highly hierarchical structures can
structural . degree . .
resilience hierarchy distribution provide ro?ustnegs but also lead to Vulnerablh‘ty;
moderate hierarchical and flat structures help strike
a balance between the two, improving network
resilience.
Assortativity coefficient reflects the degree to which
countries (regions) tend to connect with partners that
have similar trade volumes. The assortativity
coefficient affects the network's attack resistance
. ability —and stability. Assortative networks
o assortativity . g ..
assortativity .. strengthen hub connections, providing stability and
coefficient . . . .
rapid recovery, while disassortative networks
promote information exchange and resource
sharing. Due to the different attributes of connected
nodes, they offer more redundant paths and
recovery capacity.
Loss rate of network performance caused by single
loss rate of  node interruption refers to the percentage decrease
network in network performance when a single node fails. It
. performance reflects the network's sensitivity to single node
vulnerability . . .
caused by  failures. A failure of a single node may cause a
single node significant decline in the performance of the entire
Dynamic interruption network, thus measuring the network's vulnerability
structural and instability.
resilience The average performance retention rate of the
average network refers to the proportion of original
retention  performance that the network can retain when facing
invulnerability rate of failures or attacks, measuring the network's

network resilience and invulnerability. Networks with a high
performance average performance retention rate are able to
quickly recover and retain most of their original
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performance when facing failures or attacks. This
helps ensure the continuous stable operation.

Based on the construction of the above indicator system, further data collection was conducted
to establish a global frozen meat directed trade network model, systematically conducting empirical
research on network patterns and structural resilience. The research framework is shown in Error!
Reference source not found..
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e

T TTTT [Tttt T TTTTTTTTTTT T Tt T T T 1
i [ [ :
I : I'| Network Construction Evaluation System Data Source [
' Model l |
: Construction Unweighted network Un Comtrade database |
: |
s [

r——- 1 r |
I T :
I : E Network Pattern !
| I
! ! i Node Communit '
I | - Y I
1 | | Redundancy Topology Characteristics Structure |
I I ! . . por———u I
: : : - .”, o B » " ‘ \ . . I :
ot M- = L I
I | I e I : ' N | ut i
. . : mulﬂil'll"i"-u_iilIHIiIII I 7/@3 7 PP |
| | ' b . 1 2
| | i !
: o gy :
|
| | ! I
. age I
: : i | Static Structural Resilience | !
1 I i I
I ! [ o : : . \
: J | transmissibility |->| clustering |->| hierarchy |->| assortativity | |
| Simulation | | N - . . i
1 . | 1 ) " i 3a PR
| Analysis ! A oy . LN I
I 1 \ g Y AT g 1268 Y P s W !
I I ! . w S - !
i i i ! In (ranking) In (ranking) !
1 I ! & i
I | 1
I ! ! : - I
: : ' Dynamic Structural Resilience !
|
I | | :
| .y . I’
: : ! vulnerability I—D| mvulnerability |
I I I [
I I I A o !
| | | |
1 I i I
I : I CEA {
I ! YL T T T R E XX L L T
I | ! ; :
| | & e e e e e |

Figure 2. Research framework.

2.2. Research Methodology
2.2.1. Global Frozen Meat Network Construction

The global frozen meat trade countries (regions) are treated as network nodes, with trade
relations between countries (regions) forming the edges. The trade volume and trade intensity
distance serve as the edge weights, constructing a complex network model. The global frozen meat
trade network is defined as follows:

G, = (V,E,W,W?2) 1)
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Where: m represents the four different global frozen meat networks: beef, pork, mutton, and
poultry. V is the set of nodes, representing all countries (regions). E is the set of edges, representing
trade relations between countries (regions). W? is the set of edge weights based on trade volume
between all nodes. W? is the set of edge weights based on trade intensity distance between all nodes.

Trade volume (in kilograms) is selected as the edge weight for modeling, in order to avoid the
effects of inflation and price fluctuations, thus providing a true representation of supply chain trade
relationships and dependencies, which is crucial for analyzing network characteristics. At the same
time, following existing research[62], trade intensity distance is introduced as an edge weight to
explore its impact on the shortest path length. The specific formula for this edge weight is as follows:

wi =1+ InMax(w};) — In(w}) )

Where: wf represents the trade intensity distance between node i and node j .
Max (w}]) represents the maximum trade volume between any two nodes in the network. wj;
represents the trade volume of frozen meat exported from node i and node j.

In real-world scenarios, trade intensity distance is undoubtedly influenced by more complex
factors, such as political relations, geographical location, cultural differences, and many other hard
to quantify elements between two countries. However, within the specific analytical framework of
this paper, we focus solely on trade volume as the core factor.

2.2.2. Weighted Network Characteristics Indicators Involved

Before conducting the network resilience analysis, we first perform an analysis of the topology
and trade group evolution of the frozen meat directed weighted trade network. The relevant
indicators are shown in Error! Reference source not found. below. All the indicators in this table are
weighted metrics.

Table 3. Indicators of complex network related features.

Indicator =~ Formulae Meaning

Network density, p ,is the ratio of the actual
Network E number of directed edges E in the graph to

density pP= V-1 ®) the maximum possible number of directed
edges between all pairs of nodes A /~1).
Node out N Node out-strength [63],W;°%, refers to the sum
Sfrenotl; weut = Z w;j (4) of the trade volume weights (w;;) that node i
& j=1 exports to all other nodes.
Node in N Node in-strength, W, ™ refers to the sum of the
St;)en 1th win = Z W, (5) trade volume weights (w;;) that node i imports
& =1 from all other nodes.

Weighted betweenness centrality [64], BC, 2,
measures the importance and influence of a
country (region) in the network, considering
Betweennes i the trade intensity distance weight. It is the
s centrality BC,.; = —wlst (6) number of weighted shortest paths passing
soae Iwist through node i,n‘i”zst divided by the total
number of weighted shortest paths between
other trade pairs, g,:2,. This metric captures

the "bridge" role of a node in the network.
Weighted closeness centrality [63],CC, ., is the
Closeness 1 N inverse of the average weighted shortest path
centrality CC,2; = a4, = wag (7)  distance dW‘iZj from nodei to all other nodes,

considering trade intensity distance weights. It
measures the importance of a node in the
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network based on its average distance to all
other nodes.

Modularity, @, measures the difference in
connection strength between nodes within a
community and the expected connection
strength between nodes in a random network,
considering ~ trade  volume  weights.
Specifically, the modularity formula calculates
the difference between the connection weight
wilj of node pairs i and j.

Modularity @ = 1 Z [ wi - kw} kw}- l 5(c;, in the network and their expected connection

2H £ 2H K1k

weight under random conditions, , and

perform the summation only for node pairs
within the same community. The function
0 (cl-, cj) ensures that only contributions from
node pairs within the same community are
counted. Here, ¢ and ¢ are the
communities of node i and j , and §=1 if
¢; = ¢j, otherwise 6=0.

2.2.3. Static Structural Resilience Indicators

The resilience of network structure is generally defined as the ability of a network to maintain
its overall functionality and continue to operate despite encountering failures, attacks, or disruptions.
This article comprehensively analyzes the structural resilience of the global frozen meat trade
network from four dimensions: transmissibility, clustering, hierarchy, and assortativity. Four
indicators—global efficiency, average clustering coefficient, degree distribution, and assortativity
coefficient—are selected to perform resilience analysis in both unweighted and weighted forms for
each indicator. In the unweighted network, we focus on the existence of trade connections between
countries, outlining the structure of the frozen meat trade network. The weighted network introduces
trade volume or trade strength distance as weights to more precisely measure interaction intensity,
revealing deeper information and patterns. The specific indicators are shown in Error! Reference
source not found..

Table 4. Static Structural Resilience Indicators.

Indicator Formulae
PR o} °
global NN -1) ~ dij
efficienc 1 1
y vt = NN =D 1)2 i (10)
1#] Y
T ssibili Global efficiency [65], E, is an indicator that measures the efficiency of
ransmissibility . T L . . .
information transmission within a network. It is typically defined as the average
of the inverse sum of the shortest path lengths d;; between all pairs of nodes in
the network. Weighted global efficiency, E,, calculates the average of the
inverse sum of the shortest path lengths weighted by trade intensity distance
dwf]— . N is the total number of nodes in the network.
1 s,t are adjacent to i
average Ci= -1 Z dst (11)
Clustering clustering st

N
. 1
coefficient C= Nz » (12)
i=1
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1 s,tare adjacent to i

C.1= Z d 13
W gl - DMax(wy)  Le e O

N

1

c, = NZ Cup (14)

L=

Weighted average clustering coefficient [66], C,,, calculates the total sum of the
actual trade volumes d,,s; between a node i 's neighboring nodes s and t,
divided by the maximum possible sum of trade volumes that could exist
between the neighbors, k;(k; — 1)Max(wl- j), and then takes the arithmetic mean
of the weighted clustering coefficients Cut for all nodes. The unweighted

clustering coefficient, C, does not consider the influence of weights.

ki = c(ki)® (15)
degree Ink; = Inc + a(kl-a) (16)
distribution ey = cut (kwil) a7)
Hierarchy lnkwg = ncy1 +a (kwil ) (18)
Here,k; is the degree of node i; kyz is the trade volume weighted degree of
node i ; ki is the ranking of node i's degree in the network; k_ .is the ranking
4
of node i's trade volume weighted degree in the network; ¢ and c,1 is a
constant; and « is the slope of the degree distribution curve [66].
- g 1 2
M7V koke = (M8 5 ks + k)
AC = . N 5 (19)
Assortativity MY 5 (kE+ k) - [M_l Xi 5 (ks + kt)]
coefficient _ _ 1 2
H7 S wilkske) — [H 8 Zwilks + k)]
Assortativity ACyr = z (20)

H Y, 2wy (k2 +k2) — [H1 8, 2wk, + k)]
AC is the assortativity coefficient, AC,1 is the trade-weighted assortativity
coefficient;M is the total number of edges; H = ¥; w} is the sum of all edge
trade volume weighted values; k; and k, are the degrees of nodes s and t ,
respectively; and w; represents the trade weight of the i-th edge [67].

2.2.4. Dynamic Structural Resilience Indicators

Dynamic structural resilience of networks is a comprehensive concept that involves the
vulnerability and invulnerability exhibited by the network when faced with challenges. Vulnerability
refers to the potential for information disruption, resource imbalance, or even network paralysis due
to dependence on key nodes, links, or insufficient redundancy in path design when the network
encounters internal or external disturbances. In contrast, invulnerability refers to the network's ability
to maintain its performance or functionality under impact. This paper evaluates and compares the
dynamic structural resilience of unweighted and weighted directed networks from the two
dimensions of vulnerability and invulnerability. The relevant indicators are shown in Error!
Reference source not found..

Table 5. Dynamic Structural Resilience Indicators.

Indicator Formulae
E:
loss rate of Lg, = <1 - #) x 100% (21)
network Ey2;
Ly , = (1 - ) x 100% (22)
. performance w2i E,>
Vulnerability db D;
b e
. . Dy,1;
interruption Lp , = <1 - DW111> X 100% (24)
w
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The network loss rate based on unweighted global efficiency L, is equal to 1
minus the quotient of the unweighted global efficiency of the network E; after
node i is disrupted and the initial global efficiency of the network E.

The network loss rate based on weighted global efficiency Lg ,. is equal to 1

minus the quotient of the unweighted global efficiency of the network E,,2;
after node i is disrupted and the initial global efficiency of the network E ;.
The network loss rate based on node degree Lp, is equal to 1 minus the
quotient of the unweighted node degree of the network D; after node iis
disrupted and the initial node degree D.

The network loss rate based on total strength L, , isequal to 1 minus the

quotient of the total strength D,1; after node i is disrupted and the initial total
strength D1 .

P,
Py = ==L x 100% (25)
average LiPe
retention Py , =———x100% (26)
rate of
S, Pp.
network P, = 2= o 1000 @7
performance n"p
i=1Pp_1.
P, , = % x 100% (28)

The average retention rate of global efficiency Pr in the network refers to the
. mean value of the global efficiency retention rate Py, after the interruption of
Invulnerability . ¢ . ]

each of the n core nodes in the network. The average retention rate of weighted

global efficiency Py , refers to the mean value of the weighted global efficiency
retention rate Py after the interruption of each of the n core nodes. These
two indicators measure the average retention level of the overall network
connectivity. Similarly, the average retention rate of node degree P, and the
average retention rate of total strength P . refer to the average connection
scale retention rates Pp, and Plez after the interruption of each of the n core

nodes in the network, respectively.
In this study, n = 10.

2.3. Data Sources and Processing

This study utilizes data from the United Nations Commodity Trade Statistics Database (UN
Comtrade Database) spanning from 2003 to 2022, covering over 170,000 trade records between 232
countries (or regions) worldwide. For consistency in the data, the study selects import data and
addresses issues such as missing data and regional consolidation (combining data from Hong Kong
and Macau into China, but excluding Taiwan). Finally, the trade data is categorized and aggregated
by the four major types of meat: beef, pork, mutton, and poultry.

3. Result Analysis
3.1. Evolution of the Pattern of the Global Frozen Meat Trade Network
3.1.1. Descriptive Statistical Analysis of the Trade Network

Error! Reference source not found. presents the statistical characteristics of the global frozen
meat trade network from 2003 to 2022. The number of trade nodes exhibits a downward trend during
this period, with a more pronounced decline following the outbreak of the global COVID-19
pandemic in 2020. However, the number of trade edges and network density continue to show an
upward trend, reflecting the deepening trade ties between core countries and the optimization of the
trade network. This also highlights the challenges that globalization may pose to smaller or
peripheral countries.
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Figure 3. Time series graph of the number of nodes, number of edges, and network density in the trade network
from 2003 to 2022.

Error! Reference source not found. depicts the overall changing trends of the global trade
volume and trade value of frozen meat from 2003 to 2022, among which the data for 2023 and 2024
are estimated figures.
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Figure 4. Temporal variation in the value and volume from 2003 to 2024.

As shown in Figure 4, during the study period, global frozen meat trade exhibited a significant
expansion in scale, with both trade volume and trade value achieving dual growth amid fluctuations.
Specifically, the total value of global frozen meat trade increased from $41.959 billion at the base
period to $139.143 billion, with an average annual compound growth rate of 11.5%. The trade volume
grew from 20.349 billion kilograms to 36.291 billion kilograms, with an average annual growth rate
of 3.9%. It is noteworthy that, with a relatively low unit price, the trade value of poultry meat only
accounts for 22% of the total trade value, while its trade volume accounts for more than 37%. In
contrast, beef trade displayed a reverse pattern, with its high added-value attribute driving its trade
value share to exceed 40%, while its trade volume share was only 25%. Given that price fluctuations
and inflation factors could potentially interfere with trade value data, this study chooses trade
volume as the core analytical indicator to systematically reveal the dynamic evolution of the global
frozen meat trade network's topology and resilience.

3.1.2. Evolutionary Analysis of Trade Network Topology

To clearly illustrate the topological characteristics of the global frozen meat trade network, this
study utilizes flow chord diagrams to visualize the trade link features of four categories —pork, beef,
mutton, and poultry —for the years 2003 and 2022. In these diagrams, the thickness of the arcs
represents the trade volume of each country (or region), while the arrows indicate the direction of
trade flow.
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Figure 5. The topological structure of the trade network in 2003 and 2022.

As shown in Error! Reference source not found., the beef trade pattern experienced significant
changes. In 2003, Australia and the United States dominated the market, but by 2022, exports from
Brazil to China had become the largest trade flow, with China emerging as the largest importer and
the United States remaining an important node. In pork trade, the early period was characterized by
imports from Italy and Germany and exports mainly from Denmark and the United States. By 2022,
the trade pattern shifted to China being the dominant importer and Spain the leading exporter, with
the United States exporting large quantities to Mexico. For mutton exports, New Zealand and
Australia redirected their trade from traditional European markets to China, with China, the United
States, and France becoming the main importers. In poultry trade, the United States was the largest
exporter to China in 2003, but by 2022, Brazil surpassed the United States as the leading exporter,
with its primary exports directed to China.

To clearly demonstrate the evolution of frozen meat node strength across countries, this study
compares trade volume changes between 2003 and 2022, classifies the changes according to
magnitude, and presents the results through a graded map, as shown in Error! Reference source not

found..
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Figure 6. Grading map of the change values of the node strength in trade network in 2003 and 2022.

Overall, as shown in Figure 6, the number of nodes with increased trade strength is greater than
those with decreased trade strength, indicating a noticeable expansion trend in the trade network. In
Figure 6 (a), traditional beef exporters such as Brazil and Argentina show significant changes in
export strength, maintaining their important positions in global beef trade. The increased demand
for beef in the United States and Germany results in a rise in import strength. In Figure 6 (b), China
has increased pork imports while reducing exports, whereas Germany shows the opposite trend,
with Spain significantly enhancing its export strength. Figure 6 (c) illustrates that major mutton
exporters, New Zealand and Australia, are in competition with each other, showing large changes in
export strength. In Figure 6 (d), both the United States and Brazil experience substantial changes in
poultry export stren gth, reflecting their competitive advantages in the global poultry market.

Additionally, there are notable differences in performance across countries in different meat
trade categories. Russia's frozen meat imports have decreased significantly, while China's imports
have grown substantially, indicating China's rising position in the frozen meat trade. Mexico has
reduced beef and mutton imports while increasing pork and poultry imports, reflecting an
adjustment in its import structure. Countries(regions) with smaller changes in import/export strength
have relatively stable trade patterns.

In order to intuitively present the changes in the trade volume of the main bilateral trade within
the global frozen meat trade network in 2003 and 2022, this article has drawn a map of trade flow
changes, and distinguished the flow change amounts of each connection through different colors. The
results are shown in Error! Reference source not found..
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Figure 7. Map of flow changes of main trade nodes and their connected edges in trade network in 2003 and 2022.

As shown in Figure 7, China has become the core node for beef imports, with exports from Brazil
surging by 1.13 billion kilograms and exports from Argentina increasing by 486 million kilograms. In
contrast, traditional exporters such as Australia and New Zealand have significantly reduced their
trade with the United States.

In the pork network, China's dependence on Spain and Brazil has risen rapidly. Exports from
the United States to Mexico have increased by 611 million kilograms, making it the largest trade flow.
Exports from Brazil and traditional European exporters to Russia have significantly decreased.
Germany has expanded its market to Eastern Europe, with Spain emerging as a new export hub in
Europe, experiencing a surge in trade volume with the Asia-Pacific market.

In the mutton trade, New Zealand's exports to Europe have generally decreased, but exports to
emerging markets in Asia and the Middle East have grown significantly. For example, exports to the
United Kingdom decreased by 49.26 million kilograms, while exports to China increased by 167
million kilograms. Australia, on the other hand, has expanded its trade in North America (the United
States) and East Asia (China, South Korea).
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In poultry trade, China has increased imports from Brazil and Russia, while exports from the
United States to China and Russia have decreased, with trade volumes dropping by 631 million
kilograms and 735 million kilograms, respectively. Meanwhile, Brazil has become a core export node,
with a significant increase in trade with South Korea, Mexico, and the Philippines.

3.1.3. Evolutionary Analysis of Trade Network Node Centrality.

To gain a deeper understanding of the evolution of the frozen meat trade network, particularly
the changes in the status and influence of core nodes, we further conducted a comparative analysis
of the centrality of key nodes within the frozen meat trade network. The results are shown in Error!
Reference source not found..
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Figure 8. Evolution of node centrality in the weighted trade network in 2003 and 2022.

A comparison of data from 2003 to 2022 reveals that the global frozen meat trade network has
become “multipolar,” with regional hubs rising to reflect a parallel process of globalization and
regionalization. Specifically:

Beef: The United States has moved up significantly in terms of weighted indegree and
intermediary centrality, ranking from 14th to 2nd, showing a notable improvement in its status.
China has transitioned from a peripheral importer to the world's largest import hub, with its
intermediary centrality rising. The Netherlands has strengthened its transshipment function, with
both intermediary centrality and overall ranking rising to 1st, making it the most influential.
Germany, France, and the United Kingdom have maintained high rankings in weighted indegree and
intermediary centrality, with their comprehensive capabilities ranking within the top 10. Brazil's
strong export capacity has pushed its weighted outdegree to 1st place. Nepal approached the top of
the closeness centrality rankings in 2022, highlighting its role as a regional hub.

Pork: China has seen rapid growth in both its weighted indegree and intermediary capacity. The
United States continues to maintain dual advantages in exports and intermediary roles. Germany’s
weighted indegree has slightly decreased but remains among the top, with a stable overall position.
Paraguay’s rising closeness centrality has made it a key node in the network. Denmark’s weighted
outdegree and intermediary centrality have slightly declined but remain high. Spain has expanded
its exports, becoming the largest exporter.

Mutton: France still holds the top position overall, but its ranking in weighted in-degree has
dropped, and its bridging role has weakened. China has jumped to the top in terms of weighted
indegree, with a significant increase in intermediary centrality, becoming an absolute hub. The
United States has seen growth in weighted indegree, but its influence on trade routes has weakened.
The United Arab Emirates has emerged as a new trading center, with active imports and an
intermediary role. Tanzania’s export capacity has grown, placing it second in intermediary centrality,
making it a key transshipment node in Africa. Ecuador's rising centrality has made it the top player,
with high efficiency in information transmission. Australia has surpassed New Zealand to become
the largest exporter.

Poultry: China ranked first in 2003, with multiple indicators in the top 3, and remains a core
player, ranking second in 2022. The United States has seen growth in weighted outdegree, though its
intermediary centrality has decreased. The Netherlands performed exceptionally in 2022, ranking
first overall and in intermediary centrality, with a weighted outdegree of 4th, emerging as a new core
player. The United Arab Emirates has strengthened its control and become a new hub, while
traditional strongholds like France have seen a decline in their status. Brazil has strengthened its
export capacity, although its intermediary centrality has not risen in tandem. Germany’s export
capacity has steadily grown, with intermediary centrality ranking 6th, maintaining its position as a
European hub. Changes in the network structure have caused Fiji's centrality to drop significantly,
with its hub status being replaced by Ghana.
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3.1.4. Evolutionary Analysis of Trade Network Community Division

To further reveal the clustering relationships and community structure characteristics among
countries (regions) within the network, this study applies the Louvain community detection
algorithm to divide the trade community of 2003 and 2022, with the aim of comparing and analyzing
the evolutionary trends of these trade community over the two years[68].

2003 7 _ 2022

(d)Poultry

Figure 9. Geographic distribution of trade groups in 2003 and 2022.

Error! Reference source not found. illustrates the evolution of the global frozen meat trade
network's community structure from 2002 to 2023, with the following details:

During this period, the number of communities in the beef trade network remained unchanged.
The largest community, primarily composed of European countries, had 52 and 57 member countries
in 2002 and 2023, respectively. Russia, Mongolia, and Kazakhstan separated from this community,
joining two smaller communities. The communities consisting of North America and Oceania, as well
as those led by China and Brazil, both saw a reduction in size.
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The pork trade network became more regionally concentrated, with the number of communities
decreasing from 8 to 5. Several smaller communities merged into larger ones, such as Mongolia and
Colombia joining the community led by China, Russia, and Brazil. Australia separated from
Community 1 and formed a larger community with Western Europe, Central Africa, and other
countries, comprising 53 member countries.

In the mutton trade network, community 6, which was dominated by Russia and other countries,
merged with the largest community. The United States and Australia separated from community 1
and joined community 2, while China and Brazil formed a new community, with closer trade ties.

The poultry trade network was composed of three major communities and several smaller ones.
The number of countries (regions) in community 1 decreased from 77 to 67. community 3, primarily
consisting of Asia and North America, split into several sub-communities: North America and
Oceania, South America and East Asia, as well as a community led by Russia.

3.2. Evolution of Static Structural Resilience in the Global Frozen Meat Trade Network
3.2.1. Transmissibility Evolution Analysis

Error! Reference source not found. shows the evolution of global efficiency in the global frozen
meat trade network from 2003 to 2022. From the Figure 10, it can be seen that the trends of both
weighted and unweighted global efficiency in the four frozen meat trade networks are largely
consistent, both showing an upward trend. This indicates that the transmissibility of the network has
been continuously improving, and the connectivity and circulation of frozen meat trade have been
significantly enhanced. In general, the global efficiency of poultry, beef, pork, and mutton trade
decreases in this order, which aligns with the network density ranking, suggesting that there is a
positive correlation between network transmissibility and network density.
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Figure 10. Evolution of the global efficiency of the trade network.

3.2.2. Clustering Evolution Analysis

Error! Reference source not found. illustrates the evolution of the average clustering coefficient
in the global frozen meat trade network from 2003 to 2022. The trends of both weighted and
unweighted average clustering coefficients are mostly the same. Notably, pork and poultry show a
clear upward trend, while beef and mutton exhibit a more gradual increase, indicating that the trade
networks of pork and poultry have formed tighter clustering structures over the study period. In
contrast, beef and mutton trade partners have remained relatively stable, with little change.
Furthermore, the unweighted average clustering coefficient fluctuates significantly, while the
weighted average clustering coefficient rises steadily with minimal fluctuation. There is also a clear
stratification in the weighted average clustering coefficients across different meat types. This suggests
that the frozen meat trade network is continuously adjusting dynamically. The fluctuations in
clustering coefficients are driven by the dynamic changes in peripheral and new nodes, but the trade
volume among core nodes continues to grow steadily, forming an inertia effect of trade volume
weight.
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Figure 11. Evolution of the average clustering coefficient of the trade network.

3.2.3. Hierarchy Evolution Analysis

This paper provides an in-depth analysis of the degree distribution characteristics of the four
frozen meat trade networks, both weighted and unweighted, to visually present the network’s
hierarchical structure. The results are shown in Error! Reference source not found.:

The degree distributions of the four frozen meat trade networks all follow a power-law
distribution, reflecting the characteristics of scale-free networks. Among them, the degree
distribution of the weighted networks is more hierarchical than that of the unweighted networks.
This means that a few nodes control a disproportionately high trade volume, while the majority of
nodes have relatively lower trade volumes. Comparing data across different years, the power-law
exponents of both unweighted and weighted networks have increased. Specifically, in 2022, the
power-law exponents for the weighted degree distributions of pork and beef networks were 5.13 and
4.59, respectively, highlighting a strong hierarchical structure. The power-law exponents for mutton
and poultry networks were both 3.76, indicating a more flattened network structure.
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Figure 12. Evolution of the degree distribution of the trade network.

3.2.4. Assortativity Evolution Analysis

The assortativity of a network is a key metric for measuring whether nodes tend to connect with
similar nodes, revealing the connection preferences in trade networks. In this study, the assortativity
coefficient is used for measurement. When the assortativity coefficient is positive, high-degree (or
high-trade volume) nodes are more likely to connect with each other, forming a tightly-knit core
group. When the coefficient is negative, low-degree (or low-trade volume) nodes connect to high-
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degree nodes through hubs, resulting in a more decentralized network structure. The results are
shown in Error! Reference source not found..
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Figure 13. Evolution of the assortativity coefficient of the trade network.

From Figure 13, it can be seen that from 2003 to 2022, only in 2003 did the unweighted
assortativity coefficient for pork briefly exceed 0, while all other assortativity coefficients were
negative. This reveals the disassortative nature of these networks. Observing the data in Figure 13
(a), it is clear that the assortativity coefficients for beef and pork fluctuate within the range of 0 to -
0.3, while for mutton and poultry, the coefficients fluctuate between -0.3 and -0.6. Further, in Figure
13 (b), the assortativity coefficients of different meat fluctuate with a slightly declining trend. This
suggests that the global frozen meat trade network is not a static structure, but rather one that is
continually evolving and adjusting. The dependence of "small nodes" on "hubs" also changes as
various factors evolve.

3.3. Simulation Analysis of Dynamic Structural Resilience in Global Frozen Meat Trade Network

To explore the evolutionary characteristics of dynamic structural resilience in trade networks,
this study employs a dual-dimensional comparative framework of unweighted and weighted
networks, examining the following dimensions: (1) quantifying the network performance loss rate
caused by the failure of a single node based on 2022 cross-sectional data; (2) identifying vulnerable
nodes through temporal evolution data analysis, revealing the evolutionary patterns of the maximum
performance loss rate resulting from node removal; (3) assessing the mean performance loss in
network performance under the failure scenario of core nodes, and analyzing the role of key nodes
in system stability. The study focuses on examining the two key indicator systems: global efficiency
loss rate and node degree/strength loss rate.

3.3.1. Simulation Analysis of Single Node Interruption Network Performance Loss Rate

Through disruption simulation, the global efficiency loss rate and node strength loss rate at the
single node failure of each node in the frozen meat trade networks of beef, pork, mutton, and poultry
in 2022 were sequentially calculated. The results are shown in Error! Reference source not found..
Similar to the previous studies, this research also analyzes both the unweighted and weighted
network dimensions.
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Figure 14. Performance loss rate of the trade network based on single node disruption in 2022.

Through visual analysis of the simulation data, it was found that in the unweighted trade
networks for beef, pork, mutton, and poultry, the nodes whose failure leads to a network
performance loss rate between 5% and 10% account for 0.58%, 3.8%, 4.6%, and 0.88% of their
respective networks. In the weighted trade networks, the proportion of failed nodes within the same
loss rate range was 3.8%, 5.7%, 6.2%, and 3.8% for the four types of meat. Further observation reveals
that in the unweighted network, only the mutton trade network exhibited a loss rate greater than
10%, with a corresponding node proportion of 0.98%. In the weighted networks, the proportion of
nodes with a performance loss rate greater than 10% after node failure was 0.87%, 1.9%, 2.9%, and
1.4% for the beef, pork, mutton, and poultry networks, respectively.

Notably, certain nodes exhibited extraordinary destructive power when they failed, such as
China and the United States. This further supports the idea that scale-free networks are robust to
random failures but highly sensitive to targeted attacks. Error! Reference source not found. lists the
top 10 nodes with the highest performance loss rates for each category.

Table 6. Node importance ranking based on single node disruption network performance loss rate in 2022.
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From Table 6, it can be seen that the degree of disruption caused by the failure of the same node
varies across different network performances, with some nodes showing significant differences. To
further analyze the impact of core node failures on network performance from multiple perspectives,

we constructed a radar chart showing the network performance loss rate under core node failure

scenarios, as shown in Error! Reference source not found..
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Figure 15. Comparison of performance loss rates in trade networks due to disruptions at critical nodes in 2022.

Figure 15 indicates that in the beef trade network, the failure of the China node resulted in a
node strength loss rate of 0.28 and a global efficiency loss rate of only 0.03. This suggests that while
this node dominates trade flow, it is not at the core layer of the network topology. Similar nodes
include Australia in the mutton network and Brazil in the poultry network. Furthermore, in the
mutton trade network, after the removal of the Tanzania node, the global efficiency loss rates were
0.11 and 0.10, respectively, but the node strength loss rate (0.007) and degree loss rate (0.008) were
less than one-tenth of the efficiency indicator. Structural analysis indicates that this node has high
intermediary centrality and is positioned at a critical path in the network topology. Other examples
of such structural hub nodes include the United Arab Emirates node in the beef, pork, and mutton
networks, the Antigua and Barbuda node in the beef network, and the Ireland node in the poultry
network. These nodes are primarily valuable in optimizing the network path structure and
improving the overall system efficiency.

3.3.2. Evolution Analysis of Maximum Loss Rate in Network Performance Due to Single Node
Disruptions

The evolution of network vulnerability is primarily analyzed by examining the maximum
network performance loss rate caused by the single node deletion of the most vulnerable node each

year. This approach aims to reveal the extreme manifestation of network vulnerability in the time
dimension. The temporal distribution of this indicator is shown in Error! Reference source not
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found., Error! Reference source not found., with analysis conducted from both unweighted and

weighted perspectives.
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Figure 16. Evolution of the maximum global efficiency loss rate due to a single node of interruption.
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Figure 17. Evolution of the maximum loss rates of node strength due to a single node of interruption.

As shown in the Figure 16, Figure 17, there was a significant fluctuation in the maximum loss
rate in 2015. The primary reason for this was the failure of the Dutch node, which led to a sudden
increase in the performance loss rates of the global frozen beef, pork, and poultry trade networks.
Further analysis revealed that, in that year, Dutch established new trade relationships with multiple
countries, resulting in a dense increase in trade connections. Subsequently, the network returned to
its historical state, and this process caused the fluctuation in the maximum loss rate for that year.

To further analyze the most disruptive nodes to the network each year and their evolutionary
process, the nodes causing the greatest disruption each year were further compiled. The statistical
data is shown in Error! Reference source not found..

Table 7. The most destructive nodes and their occurrence frequencies from 2003 to 2022.

e Beef Pork Mutton Poultry
classificatio
0 countr frequenc countr frequenc countr frequenc countr frequenc
y y y y y y y y
Unweighte FRA 10 FRA 9 ARE 5 FRA 10
dglobal = g 3 USA 4 FRA 4 CHN 3
efficiency
Weighted USA 10 FRA 7 ARE 4 FRA 8
global FRA 6 USA 6 USA 4 CHN 5
efficiency
Node FRA 10 ESP 9 NZL 12 FRA 19
degree NLD 9 FRA 8 AUS 6 NLD 1
Node USA 16 DEU 17 NZL 11 BRA 13
strength CHN 4 CHN 2 AUS 9 USA 7

3.3.3. Dynamic Resilience Evolution Analysis of Trade Networks
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The evolutionary analysis of network dynamic resilience mainly involves calculating the
average loss rate of network performance after the deletion of core nodes each year, in order to assess
the contribution of key nodes to the overall stability of the network and their potential risks. The
temporal distribution of this metric is shown in Error! Reference source not found. Error! Reference
source not found., with the analysis conducted from both the unweighted and weighted network

dimensions.
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Figure 18. Evolution of the average retention rate of global efficiency due to the interruption of core nodes.
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Figure 19. Evolution of the average retention rate of node strength due to the interruption of core nodes.

From Figure 18 and Figure 19, it is evident that the retention rate of the trade network remains
high, whether unweighted or weighted. This indicates that even with the failure of core nodes, the
trade network can maintain a relatively high level of efficiency and structural integrity,
demonstrating certain resilience. As the network continues to evolve and optimize, the "single node
vulnerability” of core nodes decreases, and the network’s invulnerability to the failure of core nodes
strengthens. With the increasing diversification of network trade, the network is no longer overly
reliant on a few core nodes but instead distributes trade across more nodes, forming more alternative
paths and redundant connections. This allows the network to maintain high connectivity even when
certain core nodes fail.

Except for mutton, the retention rate trends for different meats are similar, showing an upward
trend. This indicates that the network is more adaptable and resilient, with higher substitutability
and flexibility in the supply chain, which can better cope with the interruption of core nodes.
Comparing different types of meat, the beef network shows the highest resilience, followed by
poultry and pork. The mutton trade network experiences a decline in node strength after core node
disruptions, mainly due to its high dependence on core nodes and relatively fragile supply chains.

4. Discussion and Conclusions

This study constructs a global frozen meat trade network from 2003 to 2022, combining complex
network theory and dynamic simulation models, revealing its spatiotemporal evolution patterns and
structural resilience characteristics. The main conclusions are as follows:


https://doi.org/10.20944/preprints202503.1777.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 March 2025 d0i:10.20944/preprints202503.1777.v1

28 of 32

(1) Polarization and Coexistence of Regionalization and Globalization: The global frozen meat
trade network shows a trend of polarization, with both regionalization and globalization coexisting.
China has emerged as the largest import hub, with beef imports mainly relying on Brazil and
Argentina, and pork imports depending on Spain and Brazil. Brazil has become the dominant
exporter of beef and poultry. Trade connections between core countries have deepened, such as the
strengthening of trade relations between China and Latin America, and the United States and Mexico,
while the market share of traditional exporting countries (such as Australia and New Zealand) has
declined. The importance of emerging hubs (e.g., the Netherlands, the United Arab Emirates) has
increased, reflecting the dynamic adjustments and regionalization trend of the trade network.
Meanwhile, the global frozen meat trade volume has significantly increased, with the total value
rising from 41.96 billion USD to 139.14 billion USD, an average annual growth rate of 11.5%. The
trade volume has increased from 20.35 billion kilograms to 36.29 billion kilograms, with an average
annual growth rate of 3.9%. Among these, poultry trade volume accounts for the highest proportion
(37%), while beef trade value accounts for the largest share (40%), reflecting the differentiated
positions of different meats in global trade.

(2) Static Structural Resilience: Static structural resilience analysis shows that the frozen meat
trade network exhibits significant hierarchical and assortative features. The global efficiency of the
weighted network has increased year by year, with poultry having the highest network efficiency
and mutton having the lowest. The network's transmissibility is positively correlated with network
density. The trade volume is highly concentrated in a few core nodes, and the hierarchical nature of
the weighted network is significant (e.g., the power-law exponent of the beef network is 4.59, and
that of the pork network is 5.13), reflecting the properties of a scale-free network. In contrast, the
unweighted network structure is relatively flat. Moreover, the assortativity coefficient is negative for
all networks, indicating that the network relies on "hub" nodes to connect low-degree nodes, with
core countries dominating trade paths.

(3) Dynamic Resilience: Dynamic simulation results show that the failure of core nodes causes
more significant damage to the weighted network, but the network’s invulnerability to disruption
improves over time. The failure of core nodes such as China, the United States, and Brazil has a
significant impact on network performance. For instance, the loss rate of China's beef node strength
reaches 28%, and the global efficiency loss rate for the Netherlands reaches 50%. However, as trade
paths diversify and redundancy is optimized, the network’s invulnerability to core node failure
gradually increases, with an average retention rate exceeding 80%. The beef network exhibits the
strongest dynamic resilience, while the mutton network is the most fragile due to its dependence on
single nodes (such as New Zealand and Australia). The diversification of trade paths effectively
reduces "single-node dependency,” enhancing the overall resilience of the network.

This study provides methodological innovations for the resilience analysis of the global frozen
meat trade network but still has certain limitations. In terms of data, it does not cover unofficial trade
and data from smaller economies, which may underestimate the regionalization trend. The trade
intensity distance is based solely on trade volume, without considering complex factors such as
politics and geography. Methodologically, dynamic resilience analysis only simulates single-node
failure and does not involve scenarios of multi-node interrelated failures or supply chain cascading
disruptions. Future research could further integrate multi-dimensional weights (e.g., political
relationships, logistics costs, environmental policies), develop multi-scenario simulation models (e.g.,
geopolitical conflicts, climate change), and combine enterprise-level supply chain data to explore the
interaction mechanisms between micro-node behavior and macro-network evolution. Additionally,
based on the identification of key nodes, strategies such as "regional cooperation + diversified trade"
could be designed to provide scientific basis for improving the stability of the global food supply
chain.
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