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Introduction: The vulnerability of transnational supply of agricultural products
has become one of key factors affecting food security at the global scale.

Methods: This study applies the social network analysis method for systematic
exploration of the evolution of the international agricultural trade dependence
network (TDN) from the perspective of vulnerability. First, agricultural industries
that are highly vulnerable in international trade are identified. Then, a network
visualization model is constructed for systematic analysis of the evolution
of topological structure of the global TDN of highly vulnerable agricultural
products. Finally, a temporal exponential random graph model (TERGM) and its
separated formation model and dissolution (persistence) model (STERGM) are
established for quantitative assessment of the impact of abrupt changes in the
economic and trade environment on the TDN of highly vulnerable agricultural
products in the period 2018-2020.

Results and discussion: The research results show that the highly vulnerable
industries in the international agricultural trade are distributed in a wide range,
concentrating mainly in meat, animal and vegetable oils, fish and other aquatic
products, fruits and nuts, and cereal products, and most of the products in each
category is mainly supplied by only a handful of countries. The TDN of highly
vulnerable agricultural products exhibits a “polycentric” development trend,
that is, shifting from the network structure with a single dominant central node
(USA) toward the one with multiple central nodes (USA, Malaysia, Indonesia,
Brazil, the Netherlands, etc.). During the period 2018-2020, when bilateral trade
frictions intensified and the COVID-19 pandemic raged, the abrupt changes in
the economic and trade environment led to significant enhancement in the
dependence relations in the international trade of highly vulnerable agricultural
products. Such abrupt changes not only induce the trade transfer effect and
promote the formation of new trade dependence relations among countries,
but also increase the probability of maintaining the existing trade dependence
relations. These results can provide practical guidance for preventing and
mitigating transnational supply crisis and building a more secure global food
guarantee system.
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1 Introduction

International trade plays an important role in ensuring world food
security and eradicating hunger (Dithmer and Abdulai, 2017; Geyik
etal., 2021). Statistics show that the volume of global agricultural trade
has increased by more than double in the past three decades, with
nearly 5.2 billion people living in food-importing countries and 23%
of agricultural products circulation relying on international trade
(Dupas et al,, 2019). The trade links of agricultural products among
countries are becoming increasingly dense, forming an intricate trade
dependence network (TDN). This TDN is conducive to correcting the
worldwide geographical imbalance in the demand and supply of
agricultural products; however, it also amplifies the impact of supply
risk caused by unstable factors in the economic and trade environment
(Friis and Nielsen, 2019; WTO, 2021a). Under the influence of
bilateral trade frictions, COVID-19 pandemic, drought, and other
drastic incidents such as the Russia—Ukraine conflict, the transnational
supply risk of agricultural products has spread continuously in the
global TDN. A regional supply crisis can easily grow rapidly into a
worldwide food crisis, leading to serious consequences such as unable
to buy enough food, sharp rise of food price, and so on (Puma, 2019).
Therefore, it is necessary to accurately grasp the vulnerability
characteristics of the global agricultural TDN and carry out in-depth
analysis of the impact of abrupt changes in the economic and trade
environment on the TDN, and this is the key to balancing the
relationship between international trade and world food security.

In fact, there has been a high level of concentration in global
agricultural production and trade, which gives rise to vulnerability of
international agricultural trade links (Blesh et al., 2019; Campi et al.,
2021). Owing to the differences in the distribution of agricultural
resources and investment in agricultural production, as well as the
comprehensive impact of the green revolution and other political and
economic factors, the differences among countries in the agricultural
production trajectory and trading position still persist (Pardey et al,,
2016; Choudhury and Headey, 2017). Considering grain products as
an example, most countries in the world have awfully inadequate grain
production capacity, in particular, Africa. These countries rely on the
international food market to make up for the domestic food shortage.
On the other hand, a small number of countries, such as the
United States, Ukraine, and Argentina can produce huge amount of
grains far exceeding their domestic need, thus they play the role of
major suppliers in the international food market. As agricultural
production is becoming increasingly energy and capital intensive, the
international agricultural capital forces of developed economies
penetrate progressively deeper into the global industrial chain of
agricultural production, which further exacerbates the competition
distortion in the international agricultural trade (Davis et al., 20165
Santangelo, 2018). Some studies have pointed out that many developing
economies are increasingly dependent on the supply of agricultural
products in the international market, and the number of their trading
partner countries has been dropping continuously (Kummu et al.,
2020). Notably, the concentration of global agricultural products
supply has greatly aggravated the imbalance of the global trading
system of agricultural products, which is especially unfavorable for
developing economies with insufficient food production capacity and
relatively weak trading position. Concentration of supply renders the
food-importing countries more dependent on a small number of food-
exporting countries, which can lead to food sovereignty crisis and
bring the risk of being controlled by other countries.
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Abrupt changes in the international economic and trade
environment can disrupt the order of agricultural products trade and
increase the volatility and risk of the international agricultural products
market, which can make it difficult to maintain the agricultural trade
links among countries (Puma et al., 2015; Morton, 2020). In recent
years, the frequency of external shocks to the agricultural trade
network has been increasing, mainly due to the increase of trade
frictions, regional conflicts, extreme weather, epidemic, and other
incidents. Given the rapid growth in the scale of global agricultural
trade and the trend of market centralization, international agricultural
trade has become more vulnerable to the impact of abrupt changes in
the economic and trade environment, leading to global food supply
crisis and sharp rise of food price (Cottrell et al., 2019). Anderson
(2022) pointed out that the current global economic and trade
environment is more unstable than that in the previous decades, which
is reflected by the soaring uncertainty index of global economic policy.
Under the influence of various export restriction policies of many
countries, the global average annual trade volume in the 10 years prior
to 2017 was less than US $200 billion; however, this figure tripled in the
period 2018-2020. In fact, the average import tariff of agricultural
products is higher than that of industrial products, and non-tarift
export and import barriers are also more common in agricultural
trade, thus international agricultural trade is more susceptible to the
changes of economic policy (WTO, 2021b). Since 2018, bilateral trade
disputes such as the Sino-US trade war, the trade conflicts between the
United States and Europe, the trade frictions between Japan and South
Korea, and Brexit have occurred one after the other, leading to
significant increase in the risk in the transnational supply of agricultural
products. In 2020, the COVID-19 pandemic caused clogging of cross-
border trade, aggravation of trade protectionism, price hiking of
agricultural products, and other problems, bringing the global
agricultural supply chain to the brink of collapse. In 2022, the outbreak
of the Russia-Ukraine conflict caused a sharp reduction in the grain
output and trade scale in the two involved countries, making the
developing economies highly dependent on grain imports during the
risk of food shortages, which further exacerbated the world food
insecurity. To sum up, bilateral trade frictions, COVID-19 pandemic,
and other abrupt changes in the economic and trade environment have
caused a heavy blow to the international agricultural trade system, and
the spread of transnational supply risks is hindering the realization of
the vision of “zero hunger”

Accordingly, this study focuses on the vulnerability characteristics of
international agricultural trade networks. Utilizing social network
analysis, it develops indicators for measuring trade network vulnerability,
aiming to identify the most vulnerable product sectors within the
international agricultural trade network. Furthermore, this research
employs the Temporal Exponential Random Graph Model (TERGM)
along with its separable formation and dissolution (or persistence)
models (STERGM) to systematically assess the impact of trade frictions
(2018-2019) and the COVID-19 pandemic (2020) on the trade
dependence network of highly vulnerable agricultural products, as well
as the effects of related endogenous and exogenous factors during these
periods of economic disruption. This research expands the application
of social network analysis in the study of international trade issues,
facilitating a comprehensive understanding of the problems of supply
concentration and trade dependency in different types of agricultural
markets. It also reveals the significant impacts that abrupt changes in the
international economic and trade environment have on agricultural
trade networks, addressing a gap in the existing literature regarding the
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vulnerability characteristics of international agricultural TDNs. This
study contributes to enriching global food system sustainability strategies
and provides theoretical and practical support for the formulation of
strategies to mitigate cross-border supply risks for participating countries
in international trade. It is particularly valuable for developing countries
with high dependence on import trade that are positioned on the
periphery of trade networks, offering insightful trade policy implications.

2 Literature

Research on trade networks based on social network analysis has
increasingly become a focal point in the field of economics, with a
growing number of scholars examining the social network
characteristics present in international trade. This methodology
demonstrates significant advantages in depicting the complex,
multidimensional structures of trade networks among nations (Zhou
etal, 2016). Serrano and Boguna (2003) were pioneers in applying
social network analysis to international trade issues, constructing a
global trade network system that revealed various network features of
international trade, such as scale-free and small-world properties.
Following their work, numerous researchers, including Garlaschelli
and Loffredo (2004), Squartini et al. (2011), and Fagiolo et al. (2009),
have developed global trade network models to analyze the
evolutionary characteristics of national trade network topologies
across different time periods and product types. Their studies
highlight that the formation and evolution of global trade networks
result from multiple interdependent trade relationships. Countries can
actively or passively select specific trade partners, thereby forming
tightly-knit sub-network systems within the broader structure of
global trade. These structural characteristics not only reflect
cooperation patterns among nations but also profoundly influence the
modalities and effectiveness of trade collaborations (Chaney, 2014).

Current research on agricultural product trade networks
predominantly employs a global or regional perspective to explore the
structural characteristics and evolutionary dynamics of these networks.
Studies have focused on the network positions of different countries
within international agricultural trade, the density of connections
between nations, and the modularity of communities. These studies
underscore the important roles played by social, economic, and
geographical factors in shaping trade network structures. Gephart and
Pace (2015) applied social network analysis to study the structural
evolution of seafood trade networks, revealing that Thailand and China
have been increasing their influence in the global seafood trade
network, while the density of trade links within the region has been
steadily deepening. Torreggiani et al. (2018) used community detection
algorithms to analyze the global high-calorie food trade network,
finding that its complex, multi-layered structure is defined by tightly
connected, heterogeneous trade relationships, with social, economic,
and geographical factors influencing whether countries belong to the
same community. Silvestrini et al. (2023) found that global caloric trade
relations and exchange intensity have steadily increased, with the
densest networks concentrated among upper-middle and high-income
countries, leading to significantly higher per capita daily calorie
supplies, while low-and lower-middle-income countries are on the
periphery, facing relatively insufficient calorie supplies. Additionally,
Dupas et al. (2019) highlighted the significant contributions of three
subnetwork systems—core, transient, and intermediary networks—to
the overall evolution of the food trade network structure.
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The evolution of the global agricultural product trade network
structure is neither chaotic nor random; instead, it is systematically
shaped by a complex interplay of endogenous and exogenous factors,
including political, economic, cultural, and trade choices.
Consequently, examining the mechanisms that drive the dynamic
evolution of trade network connections from a network perspective
is crucial. This analysis aids in elucidating the general patterns
governing the evolution of complex agricultural trade networks,
thereby enabling more accurate predictions regarding potential
internal and external shocks (Helbing, 2013; Mangnus and Vellema,
2019). Social network analysis is instrumental in clarifying the
system’s complex characteristics, enhancing our understanding of the
contagious and destructive dynamics associated with food crises or
trade risks within such systems (Duefas et al., 2021). Research has
demonstrated that the tight interdependencies among countries
within the international food trade network present both advantages
and risks, with low-income nations being particularly vulnerable to
import shortages when facing external shocks (Distefano et al., 2018).
Although a diversified network structure can mitigate these impacts,
the concentration of trade flows in a limited number of countries can
lead to increased network vulnerability (Sartori and Schiavo, 2015).
The intricate interdependencies among nations amplify the
transmission effects of food crises, analogous to regional input-
output and financial networks. In trade networks, the propagation
and escalation of supply risks are significantly influenced by the
complexity of connections among country nodes, which complicates
the assessment of external shocks (Burkholz et al., 2018; Burkholz
and Schweitzer, 2019). Core exporting countries exert significant
influence within the global trade network, and disruptions to their
exports can trigger supply crises in nations with complex trade
linkages to them (Braun et al., 2023). The network structure
determines the risk-bearing capacity of national nodes in response to
external shocks, such as changes in the trade environment, with
higher centrality and community modularity enhancing the resilience
and stability of trade relations (Dolfing et al., 2019; Liu et al., 2023).
Differences in the integration efficiency and resilience of trade
networks for various agricultural product categories result in varying
capacities to withstand risks from adverse events such as the
COVID-19 pandemic, geopolitical tensions, and climate change
(Hedlund et al., 2022; Alhussam et al., 2023; Li et al., 2024).

Recent advancements in social network analysis methods provide
a more comprehensive and intuitive representation of complex trade
relationships among countries. However, these methods do not
effectively assess the formation mechanisms and influencing factors
of international trade networks, leading to certain limitations in their
practical application to trade issues. As a result of the interdisciplinary
integration of statistical theory and sociological research, the
Exponential Random Graph Model (ERGM) has emerged as a
valuable tool for investigating social and economic network problems,
extending its application into the realm of international trade research.
In contrast to traditional social network analysis, which relies on
indicator-based metrics and visualization techniques, the ERGM
facilitates statistical inference of the relationships between individual
nodes within the trade network through specific numerical
representations. This model overcomes the constraints posed by
network data that do not conform to the “independence assumption,”
allowing for a flexible exploration of both endogenous and exogenous
mechanisms driving the evolution of network topologies. Thus, it
addresses the limitations of conventional descriptive statistical
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analyses of social network structures (Goodreau et al., 2008; Handcock
et al.,, 2008). The ERGM has seen extensive application in analyzing
the formation and evolution of trade and investment networks among
countries and economic entities (Smith et al., 2019; Gutiérrez-Moya
et al., 2020).

The Exponential Random Graph Model (ERGM) is limited by its
ability to process only static cross-sectional data, rendering it
ineffective in assessing the dynamic evolution of network structures.
To overcome this limitation, Hanneke et al. (2010) proposed the
Temporal Exponential Random Graph Model (TERGM), which
retains the strengths of ERGM while incorporating a temporal
dimension that allows for the analysis of changes in network
relationships over time. In dynamic network relationship analysis, the
evolution of network topology can be decomposed into the formation
of new relationships and the dissolution or persistence of existing
ones. Since the mechanisms driving these two types of structural
changes differ, some scholars have extended the TERGM model to
introduce the Separable Temporal Exponential Random Graph Model
(STERGM). This model generates separate equations for formation
and dissolution (or persistence) to estimate two sets of influencing
parameters, significantly enhancing the interpretability and flexibility
of the model’s parameter estimates (Krivitsky and Handcock, 2014;
Graifetal,, 2017; Leifeld et al., 2018). The application of these models
allows for a more detailed analysis of dynamic network topology,
providing critical theoretical tools for investigating the long-term
evolution of international trade networks and their response
mechanisms to external shocks (Fritz et al., 2020). Some scholars use
this method to quantitatively analyze the endogenous and exogenous
driving mechanisms of the dynamic evolution of trade networks,
revealing the structural characteristics of trade networks and the
impact of external factors, such as policy uncertainty, on the complex
relationships within international trade networks (Lebacher et al,
2021; Zhu and Huang, 2023).

A comprehensive review of the literature reveals that existing
research primarily focuses on the macro-topological characteristics of
agricultural product trade networks, exploring the formation
mechanisms and evolutionary trends of global or regional trade
networks and specific product trade networks. A few scholars have
paid attention to the vulnerability characteristics of international
agricultural product trade networks, using network statistical
modeling to analyze the transmissibility and riskiness of trade shocks.
Unfortunately, current studies have limited understanding of the
vulnerability of international agricultural product network
relationships and the propagation of network influence. On one hand,
they fail to consider the transnational supply vulnerability of different
agricultural product industries and the intensity of trade dependence
between countries, lacking an analysis of the evolution of TDNs
structures for products with a high degree of transnational supply
vulnerability. On the other hand, existing research has not delved into
the impact of sudden changes in the external economic and trade
environment on agricultural product TDN, with a lack of related
quantitative studies.

This study aims to fill the abovementioned research gap. The main
contributions of this study are as follows: First, several indicators of
agricultural trade vulnerability are constructed based on complex
network analysis to effectively measure the supply risks caused by
changes in core trade participants, market concentration trend, and
trade substitution, making it easy to identify the industries of most

Frontiers in Sustainable Food Systems

10.3389/fsufs.2025.1431945

vulnerable products in the global agricultural trade network. Second,
the global TDN of highly vulnerable agricultural products is
constructed based on the measurement by using the national trade
dependence indicators, and the formation and evolution of the
network topology are elucidated comprehensively, which fills the gap
in the knowledge about the structure of TDNSs of highly vulnerable
agricultural products left by the existing studies. Third, the
endogenous and exogenous factors affecting the evolution of the
network topology are incorporated into a unified empirical research
framework by using a temporal exponential random graph model
(TERGM) and its separated formation model and dissolution (or
persistence) model (STERGMs). Furthermore, the impact of the
relevant endogenous and exogenous factors on the global TDN of
highly vulnerable agricultural products during the selected period of
abrupt changes in the economic and trade environment (2018-2020)
is systematically assessed.

3 Methodology

3.1 Vulnerability measurement on
global-product trade level

Early indicators related to international trade vulnerability
predominantly relied on market concentration metrics, such as Trade
Dependence (Brown, 1940), Trade Intensity Index (Frankel, 1997),
Hirschman-Herfindahl Index (HM Index) (Baldwin, 2009), and
Revealed Comparative Trade Advantage Index (Iapadre and Tironi,
2009). These metrics suggest that the higher the concentration of a
country’s import sources, the greater the likelihood of negative
impacts. However, traditional market concentration metrics, based on
bilateral trade calculations, do not account for the networked structure
of international trade relations. Fundamentally, trade relations
between countries depend not only on one trading party but also on
the indirect effects of the external overall trade supply environment
within the trade network structure. This includes risks brought about
by network characteristics such as core participants, clustering trends,
and international trade substitutability.

In light of this, this study adopts the measurement approach of
Korniyenko et al. (2017), integrating social network analysis into the
vulnerability research of international trade networks. This method
effectively measures the supply risks caused by sudden changes in core
trade participants for different types of agricultural product trades.
Consequently, it helps identify the most vulnerable industry types
within the international agricultural product trade network. First, the
centrality index cjz; of the country’s export agricultural products is
calculated. The calculation formula is given in Equation 1:

Ny, -1 ikt
Ji
Cikt = - (D)
jz# Zﬂjlkt/Njkt

where i is the exporting country, j is the importing country, /
denotes the third party country, k& is the specific agricultural product,
4 jike represents the trade volume of product k& exported from country
ito country j inyear?, g jji is the trade volume of product & exported
from the third party country/ to country j in yeart, N j is the total
number of the countries of origin of product & imported by country
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J inyeart, and N j; denotes the total number of importing countries
of product k.

Then, the centrality variation index vy, of agricultural product &,
i.e., the standard deviation of the centrality index of the agricultural
products exported by all countries is calculated. The calculation
formula is given in Equation 2:

Z »(Cikt —Cpt )2
== 2
Vit N1 (2)

where ¢j; is the average ¢y, values of all countries. The
identification of highly vulnerable agricultural products is based
on the degree of the centrality variation index vg. A higher index
value indicates that the source countries for the trade of these
products are concentrated among a limited number of core
suppliers, which consequently elevates the potential risks
associated with the trade network for those products. This study
employs the polarization selection standard proposed by
Korniyenko et al. (2017), that is, the product samples with a vy
value above 75% quantile are designated as highly vulnerable
products in the trade network.

3.2 Construction of agricultural product
TDN based on social network analysis

3.2.1 Value determination of national trade
dependence indicators

After identifying the highly vulnerable agricultural products,
we proceeded to measure the dependence intensity among countries
in the trade of highly vulnerable agricultural products. The trade
dependence intensity between two countries in the trade network is
not merely determined by the direct trade links between them, it is
also affected significantly by the alternative trade between these two
countries, that is, the “third party effect” For example, China’s import
of soybeans from Brazil accounted for 53% of the country’s total
soybean import in 2017. This figure climbed to 75% in 2018 as a result
of continuous escalation of Sino-US trade friction, which indicates
that the dependence degree of soybean trade between China and
Brazil can be indirectly affected by the third-party effect (in this case,
USA is the third party). In view of the third-party effect, the methods
proposed by Casciaro and Piskorski (2005) and Xia (2011) were used
in this study to construct national trade dependence indicator,
considering market centralization and trade substitution in the trade
network. The calculation formula is given in Equation 3:

H .
tdyj =cf [H"fj 3)

Vi

where #dj; is the degree of dependence between country i and
country j in the trade of highly vulnerable agricultural products, that
is, the import dependence index td;; of country j with respect to
country i c,-jz indicates the share of import trade, that is, the
proportion of the highly vulnerable agricultural products exported
from country i to country j in the total quantity of highly vulnerable
agricultural products imported by country j; H,; denotes the import
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concentration degree of highly vulnerable agricultural products of
country j; and H,; is the import concentration degree of highly
vulnerable agricultural products of country i.The calculation method
of H, and H,; is derived from the calculation method of Hufendar-
Heshman (HHI) index. The calculation formula is expressed is given
in Equations 4, 5:

“)

)

where m is the total number of countries of origin from where
country j imports highly vulnerable agricultural products, and # is the
total number of destination countries to which country i exports
highly vulnerable agricultural products. Clearly, ¢dj; is proportional
to cijz and H¢j, and is inversely proportional to H,; .

3.2.2 Construction of TDN of highly vulnerable
agricultural products

Based on the abovementioned method of determining the value
of national trade dependence index #dj;, in this study, the method of
setting trade threshold was used to identify the significant dependence
relations in the trade network, and then a directed binary network
system of dependence relations was constructed in the trade of highly
vulnerable agricultural products for identifying and comparing the
complex network topology evolution of trade dependence relations
among countries. The agricultural TDN system Network_td; is given
in Equation 6:

Network _tdy =(V (Ey F; ), 4, W; ) (6)

where V(E;,F;) is the structure of TDN of highly vulnerable
agricultural products at time #; E; denotes the network node set, that
is, the collection of countries participating in the trade of highly
vulnerable agricultural products; F; is the network edge set, that is,
the trade dependency relation extending from country i to country j.
If the dependence relation is established, then F; =1; otherwise,
F; =0; 4, is the characteristic attribute of the network node, that is,
the regional development attribute related to agricultural trade; and
W; denotes the weight attribute of the network edges, that is, the trade
dependence degree of the country.

In order to exhibit the evolution of the network topology of the
trade dependence relations of highly vulnerable agricultural
products, herein, backbone extractions on the nodes and
relationship edges of the network system were performed by the
method of setting threshold value. First, the method proposed by
De Benedictis et al. (2014) was used to screen the network nodes,
with 112 countries engaged in the trade of highly vulnerable
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agricultural products.' Then, the method proposed by Pan (2018)
was used to extract important trade dependence relations by setting
percentage threshold. Notably, there is no widely-accepted standard
for setting the threshold value, different scholars set different
threshold values based on the numbers of nodes and edges in the
network. For example, Kali and Reyes (2010) set the threshold
value to 1-2%, and Pan (2018) set the value to 2%. Considering that
each country has a small number of key agricultural trading
partners, in this study, the threshold value was set to 2%. The
number of network edges over the years eventually obtained was
about 220, which is enough to capture the important trading
partners of highly vulnerable agricultural products (countries
occupying the positions no. 1-4 in the ranking of trading partners
in the trade network).

3.3 Construction of TERGM model and its
separated model based on dynamic
network analysis

As the network statistical indicators devised based on social
network analysis are mainly used for static analysis of network
characteristics, they cannot reveal the dynamic impact of abrupt
changes in economic and trade environment on TDNs of highly
vulnerable agricultural products. In view of this limitation, this study
makes use of the network dynamic model to examine the evolution
mechanism of trade dependence relations. The validity of traditional
econometric regression model assumes that the observation objects
are independent of each other. Notably, the countries in the global
TDN are interdependent and their relations are influenced by the
“third party effect”; therefore, it is impossible to obtain robust and
unbiased estimation results by using the traditional econometric
regression model (Smith et al., 2019). This problem can be solved
effectively by using TERGM. TERGM allows simultaneous processing
of endogenous structure of the network, the relationship between
actors and the external characteristics of the network, and supports
comprehensive evaluation of the endogenous and exogenous factors
that affect the generation of network relations (Krivitsky and
Handcock, 20145 Leifeld et al., 2018). The TERGM model devised in
this study is given in Equation 7:

1 q
Pr(Yt = | Yim1 =y ;0) =—exp > 6,24 (n.shock.ex) (7
g=1

where Pr(Y, = |YH =Y ;9) is the existence status of trade
dependence relation in the trade of highly vulnerable agricultural
products (its value is 1 if dependence relation exists, and 0 if
dependence does not exist); ¥; and Y;_; are the TDNs of highly
vulnerable agricultural products at time ¢ and time ¢ — I respectively,
and their network structures are set to y; and y,_; respectively; x is
the normalization constant used to ensure proper probability
distribution; 4, (n,shock,e,x) is the configuration statistic unit in the

1 Al countries selected in this study are presented in the visualization

analysis graph.

Frontiers in Sustainable Food Systems

10.3389/fsufs.2025.1431945

network structure, in which all network edges and nodes are
considered to be interdependent and play a regulatory role in the
overall network structure layout; &, is the parameter corresponding to
the variable to be estimated in 4, (n,shock,e,x); shock is a temporal
co-network variable of abrupt change in economic and trade
environment; e is an endogenous structural variable related to the
generation of a series of network relations; x is the exogenous
structure attribute of a series of network nodes, usually the national
characteristic variable in the traditional trade gravity model. See 2.4
Variables Description for a complete description of variables.

In the dynamic network relation analysis, the evolution of network
topology can be divided into two levels: one is the formation of new
relations in the network structure, and the other is the dissolution or
persistence of old relations in the network structure. These two types of
changes in the network topology exhibit different action mechanisms,
thus there are also some differences in the analysis of their influencing
factors (Graif et al,, 2017). In view of this difference, the practice of
Krivitsky and Handcock (2014) was adopted herein to split the TERGM
model into a formation model and a dissolution (or persistence) model
(also known as separated TERGM or STERGM model), and these two
models were used to estimate two sets of influencing parameters. With
the estimated influencing parameters, the impact of the exogenous shock
generated could be described by abrupt changes in the economic and
trade environment on the formation of new relations and the dissolution
(or persistence) of existing network relations in the TDN. TERGM is
composed of the formation model and the dissolution (or persistence)
model of network relations. Although these two models complement
each other with the change of temporal trend, they are conditionally
independent in any given year, which effectively ensures the flexibility,
clarity, and interpretability of the model parameter estimation. The
separation processing of TERGM model is given in Equation 8:

Pr(Y' =" Yot = yie1:0) = Pr(¥" = [ty = yio1:6°)

Pr(Y’ =y Y= yt—l;é’*) (8)

where Pr(Y oyt |Y,,1 =1 ;9+) is the existence status of the
formation of new relations in the TDN; ¥ is the formation network
of trade dependence relations from time ¢ — 1 to time ¢, and its network
structure is set to y+. Pr(Y7 =y |Yt_1 =y ;07) is the existence
status of the dissolution (or persistence) of old relations in the TDN;
Y™ denotes the dissolution (or persistence) network of trade
dependence relations from time #—1 to time #, and its network
structure is set to y . Noteworthy, y; and y,_jcan be actually captured,
while y*and y~ can be regarded as the combined state of y; and y,_1,
thus the intermediate state of network topology evolution can
be determined. y* and y~ are set in the following way: y* = y,_1 U y,,
¥~ =yi-1 N y;. Therefore, the formation model and dissolution (or
persistence) model of network relations is given in Equations 9, 10:

q
Pr(y+ =¥ Yo =y ;9+) _ K%exp 29;/1;’ (n.shock,ex) (9)
q=1

- 1 <A
Pr(Y =y |Yt_1 =y;-1;0 )=—7exp ZHq Aq (n,shock,e,x) (10)
K g=1
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In this study, the maximum likelihood estimation (MLE) method
was used to estimate the TERGM model as well as its formation model
and dissolution (or persistence) model. The network topology contains
numerous nodes and edges with complex relations; therefore, it is not
suitable to perform MLE estimation directly. To solve this problem, the
most effective solution is to use the pseudo maximum likelihood
estimation (MPLE) method and the Markov chain Monte Carlo
maximum likelihood estimation (MCMC MLE) method for rough
estimation. Comparatively, the MPLE method based on self-help
sampling has advantages in computing efficiency and fitting accuracy in
large sample size estimation (Leifeld et al., 2018). Therefore, this study
uses the MPLE method to estimate the TERGM model and its separated
models, and uses the MCMC MLE method for robustness test.

3.4 Variables description

3.4.1 Temporal impact variable of abrupt changes
in economic and trade environment (shock)

Since 2018, “anti globalization” has been gaining momentum.
Various incidents such as the Sino-US trade war, the trade conflict
between USA and Europe, the trade frictions between Japan and South
Korea, and Brexit have occurred one after the other, which exhibited a
strongly negative impact on the bilateral trade among countries and the
global agricultural supply chain (Anderson, 2022). During this period,
abrupt changes of economic policy, regional conflicts, extreme weather
events, and other problems occurred frequently, further exacerbating
the global food supply crisis (Brenton et al., 2022; Arita et al., 2022). In
2020, the COVID-19 pandemic caused many problems such as clogging
of cross-border trade, aggravation of trade protectionism, and
worldwide economic recession that greatly reduced the stability of the
global agricultural trade network (Arita et al., 2022; Brenton et al,
2022). During the period 2018-2020, bilateral trade frictions,
COVID-19 pandemic, and other abrupt changes in the economic and
trade environment could be together regarded as an ideal exogenous
shock. Compared with the period 2018-2020, the changes in the global
trade environment in 2017 and previous years were relatively mild and
slow, thus the data of year 2017 could be used as a control. Based on this
fact, in this study, years 2018, 2019, and 2020 were selected as three time
nodes to construct a co-network variable, and this variable was then
used to quantitatively evaluate the impact of exogenous shock on the
evolution of the global TDN of highly vulnerable agricultural products
at each time node.

3.4.2 Network endogenous structure variable (¢)

The endogenous structure variable of the network reflects the self-
organization process during the formation of the TDN. It is irrelevant
to the political, economic, and other national characteristics of both
parties of the trade; rather, it is related to the specific internal model
that drives the formation and evolution of the network relations.
Following the practice of Song et al. (2020) in selecting the set of
endogenous structure variables, in this study, the following variables
were selected: the number of edges (edges), reciprocity (reciprocity),
preferential dependence (gwidegree), transfer connectivity (gwdsp),
and transfer closure (gwesp). Table 1 presents the description of the
parameters used in the TERGM model.

The number of edges (edges) represents the number of relation
edges in the TDN, which indirectly reflects the density of the trade
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network. It is equivalent to the intercept term in the traditional linear
regression model. Reciprocity (reciprocity) indicates the degree of
interdependence among network nodes, that is, the probability of both
country i and country j extending trade dependence relation to each
other. Reciprocity is not only the basic principle in the action norms
advocated by the World Trade Organization, but also a win-win model
to achieve international division of labor and resource complementation.
Preferential dependence (gwidegree) represents the convergence
characteristics of TDN relations, that is, a network node (country)
accepts trade dependence relations from multiple nodes at the same
time. In the international TDN, a small number of “trade star”
“countries, such as the USA and several other countries with high
development level in agriculture, are involved. They occupy dominant
positions in the market because of their high competitiveness in
agriculture (Hunter, 2007). Transfer connectivity (gwdsp) and transfer
closure (gwesp) represent the intermediary linkage form of the network
node group. Transfer connectivity refers to the indirect transfer of trade
dependence relation between country i and country j through the relay
of one or more third-party countries. However, transfer closure refers to
the formation of direct trade dependence relation between country i and
country j under the influence of third-party countries. In international
trade, there exists information asymmetry between the countries in a
TDN due to regional differences in politics, culture, language, and
geography, which incurs information search and matching costs. In
order to reduce the transnational supply risk caused by the uncertainties
of the international market, the participating countries tend to establish
new trade dependence relations through the information sharing of the
third-party trading partners. With the deepening of globalization in
trade, the TDN can acquire the characteristics of “small world;, which
can promote the network structure to evolve toward a closure state.

3.4.3 Network exogenous structure variables (x)

The exogenous structure variables mainly include the setting of
control variables in the traditional trade gravity model, primarily
involving the actor attributes and the external characteristics of the
network. They are directly related to the formation and evolution of
the structure of TDN. The actor attributes are the national
characteristic variables of the sender and receiver of the trade
dependence relation. In this study, three variables, namely, per capita
GDP (pgdp), population (pop), and degree of trade openness (open)
were selected to measure both the exporting country and the
importing countries, separately. The external characteristics of
network are the fixed exogenous situational factors in the layout of
trade dependence relations, which are directly related to the fixed
costs incurred in trade relations, such as the geographical distance
between two countries (dist).

3.5 Data and definitions

Herein, real agricultural trade data were used to evaluate the
impact effects of the three exogenous temporal shock variables on
trade in 2018, 2019, and 2020. Considering the operational efficiency
of the TERGM model, three groups of trade dependence observation
networks that dynamically change with time were constructed, as
follows: Group 1 covers the years 2015, 2016, 2017, and 2018; Group 2
covers years 2016, 2017, 2018, and 2019; and Group 3 covers years
2017, 2018, 2019, and 2020. Through the estimation of the
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TABLE 1 Description of variables of TERGM model.

10.3389/fsufs.2025.1431945

Variables Modulus Description
Edges (edges) O Q The benchmark tendency of trade dependence relation, able to indirectly reflect network density.
Reciprocity — O The reciprocal relation formed between network nodes i and j, with the dependence relation extending
-
(reciprocity) from one party to the other.
Preferential O Network node j is the receiving end of the extending of multiple trade dependence relations at the same
dependence $ time.
(gwidegree)
O-0O<0O

Transfer connectivity

(gwdsp)

Network node i extends trade dependence relation to node j via the third-party node k, forming the

transfer connectivity of network relations.

Transfer closure

(gwesp)

Network node i extends trade dependence relation to node j via the third-party node k, and then forms a
direct trade dependence relation with node j (which can be understood as ‘my friend’s friend is my

friend”), thus forming a network structure of transfer closed loop.

Sender attribute

The influence of sender attribute on TDN relationship

Receiver attribute

The impact of recipient attribute on TDN relationship

Network external

attribute

The impact of exogenous network characteristics (such as geographical distance) of network nodes on the

formation of trade dependence relation.

abovementioned three groups of models, the impact effects of abrupt
changes in the economic and trade environment on the TDN of highly
vulnerable agricultural products at the historical time nodes relative
to the average change in the previous 3 years can be accurately assessed.

The agricultural trade dataset used in this study was obtained
from CEPII-BACI,? a global trade database. CEPII-BACI contains a
huge amount of global trade data of the agricultural products under
the 6-digit HS Codes. The trade data set in CEPII-BACI is
characterized by unified measurement metrics, complete country
coverage, and timely data update, which aid in creating a favorable
condition for comparative analysis among different countries and
industries. The research objective of this study is the trade of all types
of agricultural products, encompassing 698 agricultural products
under the 6-digit HS codes specified in chapters 1-24 of the
Harmonized Commodity and Coding System (HS6) supplied by 227
countries and regions. There are about 15.63 million pieces of original
sample data in CEPII-BACI. Among other relevant variables, the data
bits of per capita GDP, total population, degree of trade openness, and
geographical distance were obtained from the World Bank database’
and Payne World Table.*

2 See: https://www.cepii.fr.
3 See: https://data.worldbank.org.
4 See: https://www.rug.nl/ggdc/productivity/pwt.
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4 Characteristics of TDN and
visualization-based analysis

4.1 Distribution of industries of highly
vulnerable agricultural products

In this study, accounting was performed on the collected
agricultural trade data for the period 2016-2020 to identify industries
of highly vulnerable agricultural products in the international
agricultural trade network, using the variation index of export
centrality at the level of global trade as the criteria. The results show
that 260 of the 698 agricultural products under the 6-digit HS codes
are highly vulnerable,’ covering multiple agricultural product
industries under the 23 2-digit HS codes other than cocoa and cocoa-
related products (HS-18) and miscellaneous edible preparations
(HS-21). In the 5 years from 2016 to 2020, the average annual trade

5 We obtain the aggregation of agricultural industries of high vulnerability
over the 5 years from 2016 to 2020, ensuring that the identified coverage of
highly vulnerable agricultural products is comprehensive. It means that if the
export centrality variation index of target industry is in the high range of 75%
index value in any year from 2016 to 2020, indicating that there is a currently
high-risk potential in the cross-border trade of the industry. Appendix Table
Al presents the coverage of highly vulnerable agricultural products in trade.
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volume of highly vulnerable agricultural products in the world was
about 227 billion US dollars, accounting for around 14.3% of the total
trade volume of agricultural products. In order to facilitate visual
observation of the weight of the agricultural products of each industry
in the global trade, 260 highly vulnerable agricultural products were
placed under the 6-digit HS codes into 110 categories under the
4-digit HS codes for graphic analysis.®

Figure 1 shows the average distributions of the total trade volume
and export centrality variation index of the highly vulnerable
agricultural products under the global 4-digit HS codes in the 5 years
from 2016 to 2020. Regarding total trade volume, the industries with
high trade volume in the global trade of highly vulnerable agricultural
products are mainly distributed in the categories of meat (HS-02),
animal, and vegetable oils (HS-15); fish and other aquatic products
(HS-03); fruits and nuts (HS-08); and cereal products (HS-10). The
industries of these five categories account for nearly 70% of the world’s
total trade volume of highly vulnerable products. Regarding export
centrality variation index, some industry categories have extremely
high export centrality variation degree of agricultural products. They
are widely distributed in some categories under the 2-digit HS codes.
For example, food production residues (2303), starch products (1108),
hops cones (1210), etc. exhibit high degrees of supply concentration
and high unit price, indicating that these markets are monopolized by
sellers to some extent.

4.2 Descriptive statistical analysis of
network characteristics

Based on the identified industries of highly vulnerable agricultural
products and the constructed complex trade network model,
descriptive statistical analysis was further carried out on the
characteristics of TDN. Table 2 presents the values of descriptive
statistical indicators of the global TDN of highly vulnerable
agricultural products in 2005, 2010, 2015, and 2020.

Opverall, the topological structure of the global TDN of highly
vulnerable agricultural products exhibits a certain degree of stability
amid constant variation. The average network density in 2005, 2010,
2015, and 2020 is 0.019, and it exhibits a trend of increasing year by
year, which indicates that countries have become progressively more
interdependent in the global trade of highly vulnerable agricultural
products. The average degree of TDN is about 1.755-2.140, which
indicates that the average number of dependence edges of each
network node is about 2. The average path length of the TDN is 2.08,
while the average network diameter fluctuates around 6. It indicates
that each network node can achieve the extension of trade dependence
relation through about two hops, and the longest path distance is
about 6, which is consistent with Milgram’s “six-degree segmentation”
hypothesis, ie., the “small world phenomenon” inference. The
modularity and clustering coeflicients of the TDN exhibit a certain
increasing trend, which indicates that the nodes in the TDN of
agricultural products are increasingly clustering around the central

6 AllHS codes and descriptions can be referred to the United Nations Statistics
(UNSD). see:

download/In%20Text/HSCodeandDescription.xlsx.

Division https://unstats.un.org/unsd/classifications/Econ/

Frontiers in Sustainable Food Systems

10.3389/fsufs.2025.1431945

nodes of the network, and that multiple communities have been
formed around regional centers. Furthermore, the average trade
dependence indexes of the four periods were calculated herein. The
results are 0.215, 0.175, 0.169, and 0.181, respectively. Clearly, the
average trade dependence index showed a downward trend from 2005
to 2015, which indicates that the number of new market dependence
links and the number of central nodes among trading countries
increased, and the elevated degrees of substitutability and
diversification in trade transactions weakened the trade dependence
among economies to a certain extent. In 2020, the global trade
dependence index of highly vulnerable agricultural products increased
dramatically, which can be attributed to the clogging of cross-border
trade and the rise of trade protectionism caused by abrupt changes in
the economic and trade environment such as intensified bilateral trade
frictions, the COVID-19 pandemic, and so on.

4.3 Visualization-based analysis of network
topology evolution

In order to obtain a clear picture of how the network topology of the
global TDN of highly vulnerable agricultural products has been evolving,
visualization-based analysis on the TDN of highly vulnerable agricultural
products for years 2005, 2010, 2015, and 2020 was carried out herein.”
The results are shown in Figure 2. Noteworthy, the nodes represent the
sample countries, and shadow size of each node reflects the centrality of
that node, that is, the larger the number of trade dependence edges of a
country, the larger the node shadow of that country. Countries with close
trade dependence relation are close to each other in the graph, and vice
versa. The connecting lines represent the trade dependence edges. The
thickness of an edge is proportional to the value of the dependence
index. The thicker the edge, the higher the degree of trade dependence.

It can be seen intuitively that the structure of the global TDN of
highly vulnerable agricultural products exhibits a “polycentric”
development trend, that is, shifting from the network structure with a
single dominant central node (USA) toward the one with multiple
central nodes (USA, Malaysia, Indonesia, Brazil, the Netherlands,
etc.). It means that the TDN of highly vulnerable agricultural products
is no longer driven by a single core or a small number of cores. Instead,
more countries jointly perform the function of “multi-core” driving in
the trade dependence relations, thus weakening the dominant
positions of a few developed economies in the market. Since 2005, the
previous trade center nodes and trade dependence relations in the
TDN of highly vulnerable agricultural products have been largely
preserved (except for a few central nodes such as Argentina), and
several community modules have taken shape. With the rapid pace of
agricultural globalization, the weights of the participating countries in

7 We used the Gephi software to draw the network structure diagram, and
used the force-guided layout algorithm of Force Atlas and Fruchterman
Reingold to describe the TDN structure. This algorithm can effectively dissolve
the limitation of geographical distance, so that the national nodes with trade
dependence relation attract each other; otherwise, they repel each other.
Moreover, the use of this algorithm also effectively reduces the intersection
of trade dependence edges in the trade network, and finally achieves the

balance of the overall network layout.
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FIGURE 1
The distributions of the highly vulnerable agricultural products for the period 2016-2020.
TABLE 2 Descriptive statistics of highly vulnerable agricultural trade dependence network.
2005 2010 2015 2020

Density 0.017 0.018 0.019 0.020
Degree 1.755 1.827 1.920 2.140
Diameter 2.009 2.599 1.947 1.779
Path length 7 8 4 5
Modularity 0.607 0.657 0.676 0.657
Cluster 0.169 0.152 0.248 0.274
Average trade dependence 0.215 0.175 0.169 0.181

the global trade network of highly vulnerable agricultural products
have changed to varying degrees, more trade center nodes have
emerged, and new links of trade dependence relations among
countries have been established constantly. In 2020, the trade
dependence among countries became even more stronger compared
with that in 2005, 2010, and 2015 even though the central nodes in the
TDN tended to be stable.

At the country level, although the centrality of the USA in the
TDN of highly vulnerable agricultural products has declined to a
certain extent, it still occupies the central position in the trade
network. At present, the USA ranks no. 1 in the global trade of highly
vulnerable agricultural products in terms of both the number of
product types and export volume, which is consistent with its
position as a world agricultural power. Nearly 30% of the top 100
countries with the largest import volume of agricultural products in
the world depend on the export from the United States, in particular,
Mexico, Canada, and so on. Among the developing economies,
Indonesia and Malaysia have increased their influence significantly
in the global TDN of highly vulnerable agricultural products. There
is high degree of similarity between the two countries in the exported
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agricultural products, in particular, in the advantageous industries
such as plant oils (mainly palm oil) and their pyrolysis products,
animal feed, animal-derived products, fish, and so on. When the
exports of agricultural products from Europe, the USA, and other
regions were hindered by the COVD-19 pandemic in 2020, Indonesia
and Malaysia seized the opportunity in the international market to
achieve a significant increase in the export volume of highly
vulnerable agricultural products. In 15 years prior to 2021, China’s
position in the global TDN was improved to a certain extent. In 2020,
China became the sixth largest central country in the global trade of
highly vulnerable agricultural products. Noteworthy, although
China’s export of highly vulnerable agricultural products is rich in
product types and high in trade volume, there is a significant gap
between the centrality degree of China and those of the United States,
Indonesia, etc., which indicates that China does not occupy a strong
central position in the global TDN. This is attributed to the fact that
Chinas export of highly vulnerable agricultural products is
distributed in many countries, and the exported products mainly
serve the purpose of filling the supply-demand gap when there is a
shortage of supply in the international market, thus the influence of
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FIGURE 2

The TDN of highly vulnerable agricultural products for years 2005, 2010, 2015, and 2020. Appendix Table A2 defines the ISO codes.

China’s export exhibits relatively weak influence on the international
agricultural product market.

5 Model estimation results

5.1 Estimation results of TERGM model

TERGM fitting estimation was carried out on the TDN of highly
vulnerable agricultural products. The regression results are presented
in Table 3. Clearly, the coefficient values of the temporal shock
co-network variables shock 2018, shock 2019, and shock _2020
are significantly positive. Compared with the average state of the three
years prior to each temporal shock point, the abrupt changes in the

Frontiers in Sustainable Food Systems

11

economic and trade environment during the period 2018-2020 have
significantly enhanced the existence status of the TDN relations in the
trade of highly vulnerable agricultural products, and the impact
strengthened year by year. The supply concentration in the trade of
highly vulnerable agricultural products is high, thus incidents such as
bilateral trade friction and COVID-19 pandemic can easily cause
many problems in the international agricultural market, such as
supply exceeding demand, price hiking, and dramatic decline of trade
volume. In order to mitigate the supply risks such as supply shortage
in cross-border trade, most of the importing countries choose to seek
supply of key products from alternative countries at the cost of
reducing economic efficiency. In other words, these countries make
use of the trade transfer effect of the exporting countries to improve
supply security of highly vulnerable agricultural products, which can
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TABLE 3 Estimation results of TERGM model.

Modetl @ @ 0
Co-network attributes
shock 2018 1.0202%*
(-2.1367)
shock 2019 0.9580*
(-2.0493)
shock 2020 1.0041%
(-2.1315)
Network endogenous structural attributes
—3.5979%% —3.9125%%* —4.3666%+*
edges
(2.8679) (3.2959) (4.3010)
reciprocity 1.5357%#% 1.5150%#% 1.3181%%%
(—8.7733) (=7.2077) (—4.1734)
. 2.3565% 2.2947%%% 2.4539%%5%
gwidegree
(-10.2072) (~13.5352) (~8.1509)
—0.2895%% —0.3162%%% —0.34977%%
gwdsp
(8.4025) (8.9154) (6.2678)
awesp 15038 1.5379%#% 1.6321%%%
(—12.4750) (-12.2733) (~10.5937)
Network exogenous structural attributes
—0.1135% —0.1111% —0.1600%+*
In pgdpjt
(2.2056) (2.1843) (5.1101)
—0.0602% —0.0657% —0.0576
In popiy
(2.2958) (2.4068) (1.5223)
—0.0047 0.1871 0.4111%%*
Inopenjs
(0.1388) (~1.2310) (~4.7306)
—0.0366 —0.0263 —0.0218
In pgdp ;,
pEwpjt (1.8604) (1.1673) (1.2555)
0.0652° 0.0604* 0.0536"
In pop ;
popjt (-1.7329) (~2.0305) (—2.0049)
0.0275 0.0066 0.0178
Inopen j;
(—0.4925) (=0.1732) (~0.5855)
0.0658 0.0337 0.0191
In dist;;
Yy (-1.1156) (-0.7339) (=0.2941)

Standard error in parentheses. Significance level: **¥p < 0.001, **p < 0.01, *p < 0.05, "

P <0.10. In contrast to traditional linear regression techniques, the TERGM employs a
pseudo-maximum likelihood estimation (MPLE) method that does not adhere to the
“independence” assumption. As a result, the standard errors in its regression outputs serve as
an optimal approximation, which may potentially lead to underestimation of variability
(Robins et al., 2007). To enhance the accuracy of the model estimation results, the
significance level for testing the parameters of the network model is set at a minimum
threshold of 0.1%.

strengthen the multi-connectivity of the global TDN of highly
vulnerable agricultural products. For example, when Sino-US trade
friction occurred, China’s import of agricultural products from the
USA declined sharply. To make up for the supply shortage, China
turned to Brazil, Canada, New Zealand, and other countries for
alternative supply sources, thus forming new trade dependence
relations with these countries.

Among the endogenous attributes of the network nodes,
reciprocity, gwidegree and gwesp all exhibit significantly positive
coefficients, which indicates that reciprocity, preferential dependence,
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and transfer closure have positive impact on the formation of the TDN
of highly vulnerable agricultural products. In particular, the impact
coefficient of gwidegree
“polycentricity” of network nodes plays an important role in the

is quite high. It indicates that the

evolution of topological structure of the TDN of highly vulnerable
agricultural products, that is, to strengthen the connections in the TDN
by creating “central attraction” within regions. The coefficient of
gwdsp is significantly negative, indicating that the TDN of highly
vulnerable agricultural products exhibits salient characteristics of
multi-connectivity. However, this type of connectivity path tends to
form closed loops, which can hinder the evolution of the
TDN. Regarding the exogenous attributes of network nodes, the global
TDN of highly vulnerable agricultural products exhibits significant
actor relationship effect. The sender attributes In pgdp;; and In pop;;

are significantly negative, and Inopen;, shows negative characteristics,
which indicates that a relatively high level of economic development
and a large population can reduce the probability of an exporting
country extending trade dependence relation, while a relatively high
degree of trade openness can significantly increase the probability of
extending trade dependence relation. Among the recipient attribute,
In pgdp;: shows negative characteristics, while In pop;; shows
positive characteristics, which indicates that for an importing country,
relatively low level of economic development and a relatively large
consumption scale will enhance the tendency of forming trade
dependence relations. The coefficient of network external attribute
Indist;; is not significant, which indicates that in the post-globalization
era of trade convenience, the impact of geographical distance on the
trade dependence relations has become weaker than before.

5.2 Estimation results of STERGM model:
formation model and dissolution (or
persistence) model

Based on the benchmark model estimation, fitting estimation was
further carried out on the separated models of TERGM,; i.e., the
formation model and the dissolution (or persistence) model, with the
aim of determining the impact of endogenous and exogenous factors
on the new and old network relations in the TDN of highly vulnerable
agricultural products. The estimation results are presented in Table 4. The
coefficient values of shock _2018, shock 2019, and shock _2020
are significantly positive in the formation model and the dissolution
(or continuation) model, which indicates that the abrupt changes in
the economic and trade environment can significantly increase the
probability of forming new dependence relations in the agricultural
product trade network as well as increase the probability of
maintaining the old relations. Although the abrupt changes in the
economic and trade environment increase the costs of cross-border
transactions thus inhibiting trade, it can stimulate the trade transfer
effect and promote the formation of new bilateral trade links and trade
dependence relations among countries. Moreover, given the high
supply concentration degree of highly vulnerable agricultural
products, the abrupt changes in the economic and trade environment
cannot substantially weaken the dominant positions of the central
node countries and the comparative advantage of their products in a
short time, thus most of the existing trade dependence relations in the
trade of highly vulnerable agricultural products are retained. The
abovementioned results reflect that the weights of the economies in

frontiersin.org


https://doi.org/10.3389/fsufs.2025.1431945
https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org

Wang and Zhang

TABLE 4 Estimation results of STERGM model.

Formation models

10.3389/fsufs.2025.1431945

Dissolution|Persistence models

(2) (4) (5) (6)
Co-network attributes
shock 2018 1.1164%+* 1.7736%%*
(—4.9313) (~15.3666)
shock 2019 1.2669%%* 1.4828%%*
(~19.6557) (~11.2710)
shock 2020 0.8655%* 1.3368%%*
(—3.0961) (~6.7362)
Network endogenous structural attributes
—2.2686%* —3.4566% % —4.0050%#* -0.3016 2.4890 —0.0351
edges
(2.4302) (8.3439) (15.4860) (~0.0748) (~1.0376) (=0.0071)
reciprocity 1.0956% 1.1934% % L1717%#% 1.5516%#* 1.7552%#% 16507+
(-12.2202) (—22.3340) (—18.4281) (~6.2555) (~13.1040) (~14.2907)
. 2.2790%* 2.2444%%% 2.5664% % 3.4468%* 3.9436%* 4.1630%%*
gwidegree
(~15.5479) (~13.2529) (~14.3213) (~13.5582) (~27.2160) (~30.2590)
—0.2876%* —0.3130%+* —0.33927% —0.4015%#* —0.5646%* —0.5181 %%
gwdsp
(16.2639) (26.1970) (22.8386) (3.6081) (16.7633) (11.7322)
awesp 1.5652%# 1.5534% % 1.5826%#% 1.6402%#% 16584+ 16768+
(—40.3646) (~56.9050) (—38.6858) (~46.3959) (~39.5277) (—47.2640)
Network exogenous structural attributes
—0.1593%* —0.13247%% —0.0918#* —0.29267%#* —0.2941 %45 —0.2695%#%#
In pgdpjt
(5.3433) (5.2737) (4.4666) (15.7708) (13.0922) (11.0678)
n —0.0721 %% —0.06817%#* —0.0141 —0.2146% —0.2880%#% —0.1948#+%
Popit
(27.9433) (13.9041) (0.5255) (2.2091) (3.7145) (3.3451)
0.2274%#% 0.3061 %% 0.3065%* —0.0249 0.3171 0.6940%7%
Inopenjs
(—3.4861) (-9.7913) (~16.4266) (0.0397) (1.2678) (=5.1134)
—0.04327%%% —0.0380%* —0.0522% —0.1249% —0.21947%% —0.3009+%
In pgdp ;¢
(3.6380) (3.1675) (2.5318) (2.1723) (4.2135) (9.5350)
0.0100 0.0253%* 0.0260% 0.1298%# 0.0988%* 0.1136%%*
In pop ;
pop jt (-0.4527) (~2.9887) (~3.9175) (~3.0445) (-3.5343) (-3.3822)
0.0466 0.0692" 0.0201 0.1602 —0.0178 —0.14877+%%
lnopenﬂ
(~0.6963) (~1.6672) (~1.0086) (-0.9363) (0.4056) (7.0274)
\n dist:: 0.0150 0.0597% 0.0311 0.0392 —0.0676%++% —0.06827++%
ndtst,]
(=0.4794) (—2.3429) (~0.8669) (-0.3195) (7.0845) (8.4405)

Standard error in parentheses. Significance level: ***p < 0.001, **p < 0.01, *p < 0.05, "p < 0.10.

the trade network of highly vulnerable agricultural products changes
under the influence of abrupt changes in the global economic and
trade environment. For example, when the capacities of developed
economies such as Europe and the United States to supply agricultural
products declined during the outbreak of the COVID-19 pandemic,
developing countries such as China and Indonesia showed a good
opportunity to boost their exports of agricultural products. Although
this does not bring fundamental changes to centrality of the existing
trade centers and dependence relations in the trade network, it can
help to generate new trade center nodes and promote the formation
of new trade dependence relations.

The regression results of the endogenous structure attributes of
the network indicate that the coefficients of reciprocity, gwidegree,
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and gwespare all significantly positive in the formation model and
the dissolution (or persistence) model, while the coefficient of gwdsp
is significantly negative. It shows that reciprocity, preferential
dependence, and transfer closure are conducive to the formation of
new relations and the maintenance of old relations in the TDN of
highly vulnerable agricultural products, while transfer connectivity
reduces the probability of forming new dependence relations and
increases the probability of dissolving the old dependence relations in
the trade network. Overall, the endogenous self-organization process
of network relations tends to promote the establishment and
maintenance of the trade dependence relations among countries in the
trade of highly vulnerable agricultural products. It indicates that
agricultural globalization has strengthened the links among countries
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in agricultural trade, and promoted the formation of a trade paradigm
of close cooperation and interdependence among countries by
enhancing the comparative advantages of many countries and
encouraging division of labor among countries. As to the exogenous
attributes and external characteristics of other network nodes, the
influence levels and significance levels of the variable coefficients are
good, which is consistent with the estimated results of the TERGM
model mentioned above.

5.3 Further robustness checks

In order to further verify the robustness of the estimation results
of the TERGM model and its separated formation model and
dissolution (or persistence) model, and avoid the problem of
inaccurate estimation of confidence interval due to insufficient sample
size, the MCMC MLE method was used herein for simulation
estimation. The estimation results of the model are presented in
Table 5, which summarizes only the regression results of the temporal
shock point variables. The coefficient values and significance
directions are basically consistent with the regression results presented
in Tables 3, 4, which indicates that the estimated results of the TERGM
model and its separated formation model and dissolution (or
persistence) model are robust.

6 Conclusion and policy implications

Considering the advantages of the social network analysis method
in analyzing international trade problems, this method was applied in
the research of global agricultural trade to explore the evolution of the
global agricultural TDN from the perspective of vulnerability. First,
agricultural industries that are highly vulnerable in international trade
were identified. Then, a network visualization model is constructed
for systematic analysis of the evolution of the topological structure of
the global TDN of highly vulnerable agricultural products. Finally, a
TERGM and its separated formation model and dissolution
(persistence) model are established for quantitative assessment of the
impact of the abrupt changes in the economic and trade environment
on the TDN of highly vulnerable agricultural products in the period
2018-2020. The research results show that: First, the industries of
highly vulnerable agricultural products in the global agricultural trade
are distributed in a wide range, concentrating mainly in meat, animal,
and vegetable oils; fish and other aquatic products; fruits and nuts; and
cereal products, and the supply concentration degrees of these
industries are high. Second, the trade links among economies in the
global TDN of highly vulnerable agricultural products are becoming
increasingly close, and the trend of trade integration is strengthening.
From 2005 to 2015, the average degree of trade dependence among
economies showed a downward trend, but increased during the
COVID-19 pandemic in 2020. Third, the TDN of highly vulnerable
agricultural products exhibits a “polycentric” development trend, that
is, shifting from the network structure with a single dominant central
node (the USA) toward the one with multiple central nodes (the USA,
Malaysia, Indonesia, Brazil, the Netherlands, etc.). However, the
United States still occupies the central position in the TDN, some
developing countries such as Indonesia and Malaysia have significantly
improved their positions. Fourth, during the period 2018-2020, when

Frontiers in Sustainable Food Systems

14

10.3389/fsufs.2025.1431945

bilateral trade frictions intensified and the COVID-19 pandemic
raged, the abrupt changes in the economic and trade environment led
to significant enhancement in the dependence relations in the
international trade of highly vulnerable agricultural products. Abrupt
changes in the economic and trade environment not only induce the
trade transfer effect and promote the formation of new trade
dependent relations among countries, but also increase the probability
of maintaining the existing trade dependence relations. Moreover, the
endogenous self-organization process of network relations tends to
promote the establishment and maintenance of the trade dependence
relations among countries in the trade of highly vulnerable agricultural
products. It indicates that agricultural globalization has strengthened
the links among countries in agricultural trade, and promoted the
formation of a trade paradigm of close cooperation and
interdependence among countries by enhancing the comparative
advantages of many countries and encouraging division of labor
among countries.

International trade has always been regarded as an important
vehicle to “eradicate hunger”; however, the risk brought by the
vulnerability of trade networks cannot be ignored. The findings of this
study can help us to dynamically track the vulnerable industries in the
global agricultural trade and the trade dependence relations among
countries, accurately identify the impact of abrupt changes in the
economic and trade environment on the global TDN of agricultural
products, and understand the factors driving the evolution of the
global TDN of highly vulnerable agricultural products, thus providing
theoretical and practical support for formulating relevant policies.

For developing countries with a high dependency on import trade,
formulating flexible and executable trade policies is essential. These
nations should revise their structural foreign trade policies to strike a
balance between trade efficiency and long-term supply security. By
implementing measures such as tariff adjustments and fiscal support,
these countries can incentivize trade diversification, thus expanding
import sources across various dimensions, including product types,
source markets, and transportation channels. It is crucial to consider
political stability, economic sustainability, and the needs of domestic
industrial development when implementing these policies.

Specifically, in managing imported agricultural products,
classifications should be based on trade concentration, product
significance, and vulnerability characteristics. For economically vital
imports, “efficiency-driven” policies can be adopted to broaden
sourcing options; conversely, for critical imports that affect social
stability and food security, a “safety-first” principle should
be followed, prioritizing supply security even at the cost of some
efficiency. Furthermore, developing countries should carefully select
diverse trade partners, particularly those with stable political and
economic relations and evident geographical advantages. By signing
regional agreements and implementing trade facilitation policies,
they can enhance trade connectivity with multiple import
source countries.

To ensure food security, international organizations such as the Food
and Agriculture Organization (FAO), various human rights organizations,
the World Food Programme (WFP), and the World Trade Organization
(WTO) should adopt a cooperative international rule paradigm that is
relatively flexible. This paradigm will encourage discussions on new
governance rules regarding agricultural production resource lists,
emergency mechanisms, public safety reserves, and trade control reviews,
thereby fostering international consensus on development and addressing
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TABLE 5 Estimation results of robustness test.

The MCMC MLE Method

TERGM Formation Dissolution Formation Dissolution Formation Dissolution
Model (1) (2) () () (6) (€)] (9)
Co-network attributes
shock 2018 0.8430%** 0.8128%** 1.4377%%*
(5.6080) (8.3641) (7.2079)
shock 2019 0.8081%*%* 0.84427%*% 1.1609%%*
- (5.0393) (10.0028) (4.4124)
shock _2020 0.7239%%% 0.54737%5% 1.07247%
- (4.6138) (6.4582) (4.0278)
Network endogenous structural attributes
edges —4,2151%%% —4.0550 1.8774 —4,3497%5 —4.0736 5,64977 —4,5992:%5 —4,1805% 2.0065
(—4.2469) (=5.2724) (1.1590) (—4.6553) (~6.2097) (2.8968) (—4.9830) (=7.2599) (0.9603)
reciprocity —1.2697%%% —2.0135%# —0.2589 —1.3117%%% —1.8922% 0.3967 —1.5077%%5% —1.9953%5 0.6261%
(—4.8026) (—7.8053) (—0.8897) (—4.8901) (~7.8468) (1.3810) (=5.2371) (—8.4490) (2.0657)
widegree 332827 3.4616%% 3.7227%%% 3.2390% 3.6693% 4.0190%%% 3.4055%%% 4.1825%%% 3.8995%
(10.6382) (8.7359) (11.6991) (11.0567) (8.0624) (12.2036) (11.0254) (7.5224) (11.9289)
awdsp 2.61497%%% —0.3297%5 —0.5331%%% —0.3879% —0.3291%% —0.6548% —0.4124%% —0.3381%%% —0.587 1%
(—13.4218) (~19.1932) (—10.5074) (~14.0595) (=22.9712) (=9.7977) (~14.6906) (—25.9681) (~8.1079)
awesp —0.3677%%% 2.5766%%% 2.4771%%% 2.6429% 2.4816%% 2.3273%% 2.6876%%% 2.4793%%% 2.2218%
(36.7542) (42.5277) (25.6359) (37.1166) (43.7962) (19.8635) (37.9143) (45.0635) (17.6264)
Network endogenous structural attributes
n pedpis —0.0604% —0.0523##% —0.1957#% —0.0597% —0.0568% —0.2255%#% —0.0720% —0.0371%% —0.2318%%
(—3.2834) (-3.7510) (=7.1061) (-3.3182) (—4.6343) (~6.9716) (—4.0421) (~3.0578) (~6.7870)
In popiy —0.0240 —0.0374%* —0.1534%% —0.0274 —0.0382%% —0.2223% —0.0218## -0.0114 —0.15325%%
(~1.2729) (—2.6741) (—5.1379) (~1.4659) (—2.8721) (—6.4167) (—1.2049) (-1.0177) (—4.1128)
nopen; —0.0004 0.0573 " —0.0628 0.0708 ° 0.0730% 0.2216% 0.1492 0.06917% 0.5981 7
(—0.0125) (1.7399) (—0.9740) (1.7497) (2.7424) (2.8001) (3.8355) (3.3090) (7.0248)
—0.0388 —0.0209 —0.0960* —0.0318 —0.0150 —0.1455% —0.0461%%5 —0.0215 —0.1765%*
In pedp ju (~1.3028) (~0.9461) (~2.0130) (~1.0526) (~0.7949) (~2.4621) (~1.4993) (~1.2622) (~2.7434)
0.0405 0.0311 —0.0253 0.0403 0.0319" —0.1255* 0.0442 0.0297° —0.1017"
In pop je (1.3933) (1.4396) (~0.5503) (1.4780) (1.8153) (~2.2090) (1.6191) (1.8936) (~1.6888)
0.0194 0.1110% —0.0908 0.0209 0.0948 —0.2794° 0.0699 0.0674° —0.1928
Inopen j¢ (0.2935) (2.1608) (~0.7885) (0.3684) (2.2744) (-1.9114) (1.2288) (1.9590) (~1.1050)
Indist 0.0704° 0.0258 0.0182 0.0551 0.0444 —0.0586 0.0368 0.0216 —0.0172
(1.7429) (0.8269) (0.3601) (1.3953) (1.5719) (—1.0921) (0.9362) (0.8444) (=0.3037)

Standard error in parentheses. Significance level: **¥p < 0.001, **p < 0.01, *p < 0.05, “p < 0.10.
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the self-interested and fragmented nature of global food security
governance. Additionally, based on regional political consensus, an
inclusive and cooperative multilateral governance system for food
security should be established. This system should work to gradually
reduce international agricultural trade barriers, weaken agricultural
capital monopolies, and dismantle information and technology blockades
by improving the business environment, enhancing regulatory
coordination, promoting policy dialogue, providing financial and
technical support, and engaging in multi-track diplomacy.

Despite these efforts, challenges remain in ensuring policy consistency
across countries, adapting to the specific needs of different nations, and
achieving effective global resource distribution and technology transfer.
Therefore, reforms in global food security governance must
be comprehensive, dynamic, and adaptable to effectively respond to various
challenges and ensure lasting global food security.

The limitation of this study is that the analysis of the evolution of
the global TDN of agricultural products from the perspective of
vulnerability was carried out mainly based on bilateral trade data,
without considering the conditions of each country such as agricultural
production potential, technology gap, consumption preference, and
competition and cooperation relations with other countries. Undeniably,
alot more systematic explorations are further demanded to analyze the
important influencing factors such as national agricultural production
trajectory, specialization model, trade network adaptability, etc., in order
to further improve the depth and practical significance of the research,
which will be pursued in the future.
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