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Spatiotemporal patterns and
determinants of agricultural
resilience in the Yellow River
Basin

Chengyao Ma, Shilei Wu* and Xiaogian Huo*

School of Economics, Shandong University of Technology, Zibo, China

Introduction: This study investigates the spatiotemporal evolution and
determinants of agricultural resilience across 43 prefecture-level cities in the
Yellow River Basin from 2012 to 2022. It aims to provide insights into spatial
patterns, regional disparities, and the key factors influencing resilience to
support sustainable agricultural development.

Methods: The entropy method was used to assign weights to selected indicators of
agricultural resilience. Spatial analysis techniques, including Moran'’s Index, the Gini
coefficient, and Kernel density estimation, were applied to examine spatial patterns
and temporal trends. The obstacle degree model and the spatial Durbin model were
employed to identify internal and external drivers affecting agricultural resilience.

Results: Findings reveal a steady upward trend in agricultural resilience with
notable spatial agglomeration and spillover effects. Although overall disparities
have narrowed, significant differences persist between upstream and other
regions. Internal constraints include low agricultural insurance coverage,
limited effective irrigation, and reduced land productivity. External factors such
as urbanization, economic development, and skilled agricultural labor enhance
resilience, while industrialization negatively affects it.

Discussion: The study highlights the need for targeted regional interventions,
improved spatial coordination, and optimized cross-regional resource allocation
to strengthen agricultural resilience and promote sustainable development in
the Yellow River Basin.

KEYWORDS

agricultural resilience, Yellow River Basin, Spatial Durbin Model, food security, rural
revitalization

1 Introduction

Agriculture is fundamental to people’s livelihoods. In China, it has long been the
cornerstone of food security and a crucial pillar of the national economy. For 22 consecutive
years, the Chinese government has prioritized the “three rural issues”—agriculture, rural areas,
and farmers—in its No. 1 Central Document, underscoring the sector’s foundational role.
Beyond ensuring food production, agriculture contributes to social stability, employment,
ecological improvement, and rural harmony. However, despite technological advancements,
China’s agricultural sector—especially in rural areas—continues to face significant challenges
related to insufficient resilience, hindering its sustainable development.

The Yellow River Basin (YRB) is one of China’s most important agricultural regions. In 2021
alone, it produced 239 million tons of grain—approximately one-third of the national output.
The Basin also plays a vital role in irrigation, water supply, and balancing northern China’s water
resources. Nevertheless, its ecological fragility, limited industrial diversity, and environmental
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constraints reduce its agricultural resilience. To address these issues,
the Chinese government initiated a high-quality development strategy
for the YRB in 2021. Feng et al. (2025) provided a 3D perspective on
global drought events, enhancing our understanding of their spatial
and temporal evolution—key for forecasting agricultural risks in
vulnerable basins like the YRB. Studies like that of Liu et al. (2025)
emphasized the importance of optimizing water resource scheduling
for improving resilience in the Yellow River mainstream.

Existing research in the YRB primarily focuses on four key areas:
soil erosion control, optimal allocation of water resources, and the
coordination between sustainable agricultural development and
ecological protection. Scholars widely agree that soil erosion and water
scarcity are the core challenges impeding regional development.
Recommended solutions include vegetation restoration, terrace
construction, and water-saving irrigation. Water resource management
studies emphasize the need to balance basin-wide rights and interests
through mechanisms like water rights trading and smart monitoring
systems. In support, Wei et al. (2022) illustrated how cross-sectional air
diffusion and self-aeration techniques enhance flow dynamics in open
channels, which could support water-saving infrastructure.

These studies are often multidisciplinary, employing tools such as
remote sensing, GIS spatial analysis, and artificial neural networks to
monitor the spatial evolution of high-quality agricultural development.
Wu et al. (2025) demonstrated how UAV-based energy balance
modeling significantly improves evapotranspiration estimates at the
paddy field level, helping track agricultural water efficiency. Yang et al.
(2025) tracked long-term permafrost degradation, offering insights
into landscape sensitivity to climate change, which has implications
for resilience in fragile zones of the upper YRB. Zhang and Wu (2025)
provided a global context to precipitation variability, helping us
understand extreme events that threaten agricultural systems.
Similarly, Wang et al. (2025) highlighted atmospheric moisture
patterns and their influence on precipitation, which are key for
understanding rainfall anomalies in Eurasian agricultural regions.

Some scholars have explored agricultural resilience using entropy
methods, revealing that the development of the digital economy in the
lower YRB significantly enhances resilience. Others, using coupling
coordination and geographic detectors, found that the relationship
between the ecological environment and agricultural production in
the Basin is becoming increasingly synergistic, with spatial patterns
stronger in the east than the west. Chen et al. (2023) showed how
complex moisture sources impact precipitation isotopes in
mountainous areas, revealing climate sensitivity in high-altitude
agricultural regions. In addition, Chen et al. (2024) provided a large
dataset of stable isotope values across Eurasia, enabling improved
hydrological modeling for basin management.

Overall, there is growing recognition of the need to build an
innovative agricultural system in the YRB—one that can withstand
external shocks and uncertainties—to better ensure food security and
strengthen regional resilience. Scientifically evaluating agricultural
resilience and its influencing factors in the YRB has thus become a
pressing research priority. Du et al. (2024) found that ecological
restoration in southern China boosts carbon sequestration, providing
lessons for climate-resilient land management in the YRB. Xiong et al.
(2025) identified how declining snow cover accelerates weathering-
related carbon sinks, which indirectly affect basin-wide water quality
and soil formation.

In recent years, academic attention to resilience has expanded
significantly. Holling (1996) defined resilience as the ability of a
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system or entity to maintain its structure, function, and organization
amid external pressures or changes, encompassing anti-interference,
adaptability, recovery, and transformation capacities. The concept has
since found broad application across ecology, engineering, and the
social sciences. In China, earlier research emphasized urban and
economic resilience, highlighting the roles of the digital economy,
government intervention, and informatization in strengthening
resilience at the urban and county levels. With the evolution of
resilience theory, scholars have turned their focus toward agricultural
resilience, recognizing its importance for mitigating the impact of
natural disasters and ensuring the sector’s sustainable development.
Gao et al. (2024) further showed how infrastructure development—
like pipelines—can disrupt permafrost and reshape regional
landforms, with downstream impacts on agricultural ecosystems.

Recent methodological innovations have applied the Pressure-
State-Response (PSR) framework to measure agricultural resilience,
such as in Anhui Province, where Moran’s Index and the Gini
coefficient were used to examine spatial patterns. Other empirical
studies demonstrate the positive spillover effects of digital inclusive
finance on agricultural resilience, particularly in central and eastern
China and in cities with large economies. Jiang et al. (2023) examined
how adaptive land degradation policies create agriculture-
environment-economic synergies, supporting holistic resilience. Pang
et al. (2024) highlighted how river water regimes affect nitrogen-
cycling microbes in arid zones, which can guide nutrient management
in semi-arid parts of the YRB. Zhang et al. (2025) offered insights into
ecological security based on long-term land-use data, which is
essential for resilient spatial planning.

Despite these advancements, research on agricultural resilience in
China remains limited—especially at the prefecture-level—and few
studies have systematically explored the Yellow River Basin in this
context. Based on this gap, this study develops a comprehensive
agricultural resilience evaluation system to identify key influencing
factors and propose targeted strategies for enhancing resilience and
promoting sustainable agricultural development in the YRB. Existing
literature shows that while interest in agricultural resilience is growing,
there remain several shortcomings: (1) much of the current research
still centers on regional economic resilience rather than sector-specific
analyses like agriculture, and (2) most agricultural resilience studies
focus on national or provincial scales, with limited attention to
prefecture-level variation—particularly within the Yellow River Basin.

Given the YRB’s critical role in China’s agricultural economy—
producing about one-third of national grain output—and its unique
ecological and economic vulnerabilities, examining resilience in this
region holds strong practical relevance. Therefore, this study focuses on
43 prefecture-level cities in the Yellow River Basin. It constructs an
evaluation index system for agricultural resilience based on the PSR
framework and analyzes spatiotemporal patterns, regional disparities,
and influencing factors from 2012 to 2022 using Moran’s Index, the Gini
coefficient, the obstacle degree model, and the Spatial Durbin Model.

The key contributions of this study are as follows: First, it shifts the
focus from provincial-level to prefecture-level analysis of agricultural
resilience across the Yellow River Basin, allowing for more precise and
localized policy recommendations. Second, unlike prior studies that
emphasized regional differences, this paper applies a spatial
econometric model to explore the existence of spatial agglomeration
and spillover effects in agricultural resilience. This not only enriches
the theoretical understanding but also offers actionable insights for
resilience enhancement strategies in other regions of China.
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2 Materials and methods
2.1 Data source and study area

2.1.1 Data source

Data on sulfur dioxide emission intensity, fertilizer application
intensity, and agricultural carbon dioxide emission intensity were
obtained from the EPS database. Indicators such as the income gap
between urban and rural residents, rural healthcare level, and
agricultural insurance intensity were sourced from the China Rural
Statistical Yearbook. Data for the remaining indicators were collected
from the statistical yearbooks of the corresponding prefecture-level
cities for each year of the study period. Any missing values were
addressed through linear interpolation to ensure data completeness
and consistency.

2.1.2 Study area

This study focuses on the Yellow River Basin as the research area,
aiming to assess agricultural resilience across different regions.
Considering data availability, consistency at the prefecture-level scale,
and the practical relevance of agricultural production conditions,
we selected panel data from 43 prefecture-level cities within the Basin
as the research sample (Figure 1). Regions that have been incorporated
into other national development plans—specifically, four leagues and
cities in eastern Inner Mongolia and parts of Sichuan Province—were
excluded by the 13th Five-Year Plan for the Revitalization of Northeast

10.3389/fsufs.2025.1614493

China and the Guidelines for Development along the Yangtze River
Economic Belt.

Geographically, the Yellow River Basin covers approximately
790,000 square kilometers, accounting for about 8.3% of China’s total
land area. Originating in Qinghai Province, the river flows through nine
provinces and autonomous regions, including Gansu, Sichuan, and
Ningxia. The middle and lower reaches are historically significant as the
cradle of Chinese civilization and currently serve as one of China’s key
grain-producing regions. The basin supports a population of about 420
million, roughly one-third of the national total, highlighting its strategic
importance for national food security and rural development.

2.2 Analytical framework

2.2.1 Moran'’s index

This study employs Moran’s Index (MI), a widely used statistical
measure of spatial autocorrelation, to assess whether agricultural
resilience in prefecture-level cities within the Yellow River Basin
exhibits spatial agglomeration or dispersion (Li et al., 2023). The
specific functions are presented in Equations 1, 2.
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where I, represents the Global ML, I; represents the Local MI and
n is the number of prefecture-level cities studied. Similarly, X; and X;
are the agricultural resilience levels of prefecture-level cities in cities i
and j, respectively and X is their average value. When MI > 0, it
indicates positive spatial correlation, with larger values reflecting
stronger spatial clustering. When MI < 0, it signifies negative spatial
correlation, meaning greater spatial disparity. An MI value of 0 indicates
a random spatial distribution with no significant spatial pattern.

2.2.2 Dagum Gini coefficient

This study employs an empirical approach with the Dagum Gini
coeflicient to investigate regional disparities among prefecture-level
cities and subsystems within the Yellow River Basin (Lu et al., 2024).
The regional disparities are further analyzed by decomposing them
into intra-regional differences, inter-regional differences, and
hypervariable density contributions. The specific functions are
presented in Equations 3, 4.

G=G, +G, +G; 3)
k k 1 n,
2222 i wr
G= h:li:lr:l2 (4)
2un

where G is the overall Gini coeflicient. Gy ,Gyp,and G; are the
contributionss of intra-regional differences, inter-regional differences,
and hyper-variable density, respectively. y;; (yp,) represents the i(r)
research subject witin the j(h) region, i is the average value of the
research object, n is the number of cities, and k is the number
of regions.

2.2.3 Kernel density function

To examine the changing trends and distribution characteristics
of agricultural resilience levels across prefecture-level cities in the
Yellow River Basin, this study adopts the Kernel density estimation
method, as referenced in the work of Xu and Wang (2022). The
specific functions are presented in Equations 5, 6.

() o

k(x)= \/;_ﬂexp(—x;] (6)

where N is the number of prefecture-level cities, x; shows
independent and equally distributed observed values, x is the average
value, K(.) represents Kernel density, and h shows window width.

2.2.4 Obstacle degree model

This study utilizes an obstacle degree model to examine the
internal factors that constrain agricultural resilience across various

Frontiers in Sustainable Food Systems

10.3389/fsufs.2025.1614493

prefecture-level cities within the Yellow River Basin (Lu et al., 2024).
The specific functions are presented in Equations 7, 8.

o= @)
" (Fe)
U= ZOJ (8)

where j denotes the indicator number within a specific criterion
layer, and m represents the total number of indicators. Similarly, A larger
resulting O value or U value indicates a higher obstacle degree for that
indicator, reflecting a greater hindering effect on agricultural resilience.

2.2.5 Spatial Durbin Model

To assess the influence of spatial correlation and exogenous
variables on agricultural resilience, this study employs the Spatial
Durbin Model (SDM), building on established research methodologies
(Xu etal, 2023). The specific functions are presented in Equation 9.

N r N r
Vit = 5Zj:lwij)’it +X'y f+ zjzlwitX #O+ui+ A +ter  (9)

where y;; represents the dependent variable, X';; represents the
independent variable, £ is the spatial autoregressive coefficient and w;
is the spatial weight matrix. Similarly, 4 and 4; represent the
individual effect and time effect, respectively. &;; is the error term. If &
=0, the model degenerates into a Spatial Pane Lag Model. If & + 65=0,
its further degenerates into a Spatial Panel Error Model.

2.3 Indicator system

2.3.1 Construction of the indicator system

Agricultural resilience is a multifaceted concept that spans various
disciplines. Given the vast geographic scope and the diverse socio-
economic conditions across the provinces in the Yellow River Basin,
it is essential to account for regional heterogeneity when constructing
a resilience indicator system. This study adopts the Pressure-State-
Response (PSR) framework to build the indicator system, categorizing
indicators into three dimensions: Pressure, which captures negative
externalities such as pollution and resource depletion; State, which
reflects the current status of economic development and agricultural
performance; and Response, which includes efforts and policies aimed
at improving resilience. To ensure objective weighting of each
indicator, the entropy method is employed (Zhu et al., 2020). The
calculated weights and corresponding indicators are presented in
Table 1, providing a data-driven foundation for the comprehensive
assessment of agricultural resilience.

3 Results

3.1 Time series analysis of agricultural
resilience

The assessment of agricultural resilience in the Yellow River Basin
was conducted using the selected indicator system and measurement

frontiersin.org


https://doi.org/10.3389/fsufs.2025.1614493
https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org

SWI21SAS POO 2]1gRUIRISNS Ul SI213U0IS

S0

610 uISI13UO0L

TABLE 1 Evaluation indicators of the agricultural resilience level.

Target layer

Agricultural resilience level

Criterion layer Indicator layer Definition Attribute
Pressure index (P) SO, emission intensity x1 Total SO, emissions/urban area Negative 0.005302
Urban-rural income gap ratio x2 Per capita disposable income of urban residents/ Negative 0.030255
Per capita disposable income of rural residents
Fertilizer application intensity x3 Amount of fertilizer used/arable land area Negative 0.013599
Agricultural CO, emission intensity x4 Agricultural CO, emissions/arable land area Negative 0.004203
State index (S) Per capita arable land area in rural areas x5 Arable land area/rural population Positive 0.071647
Per capita disposable income of rural residents x6 | Directly obtained from statistical yearbook Positive 0.066504
Per capita consumption expenditure of rural Directly obtained from statistical yearbook Positive 0.072561
residentse x7
Land production intensity x8 Total output value of agriculture, forestry, animal Positive 0.139789
husbandry, and fisheries/arable land area
Per Capita grain production in rural areas x9 Total grain output/rural population Positive 0.011256
Response index (R) Rural healthcare level x10 Total number of rural healthcare personnel/rural Positive 0.06763
population
Agricultural machinery density x11 Total mechanical power/arable land area Positive 0.078908
Effective irrigation rate x12 Effectively irrigated area/arable land area Positive 0.065895
Agricultural power supply level x13 Electricity consumption in rural areas/rural Positive 0.144221
population
Agricultural insurance intensity x14 Agricultural insurance revenue/rural population Positive 0.228232
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Time series trends of agricultural resilience in the Yellow River Basin and its sub-regions.

methods, with the findings presented in Figure 2. The resilience level
increased from 0.1993 in 2012 to 0.3986 in 2022, reflecting a 200%
rise. Although there were some fluctuations over time, the overall
trend indicates significant growth. This upward trajectory became
especially pronounced after October 2021.

The three major regions within the study area—upstream,
midstream, and downstream—exhibit similar upward trends in
agricultural resilience over time, though the rate of growth varies
significantly among them. In the upstream region, primarily
represented by the Inner Mongolia Autonomous Region, agricultural
resilience increased from 0.2353 in 2012 to 0.5177 in 2022, reflecting
a growth of approximately 220%. This upward momentum accelerated
notably after 2019, positioning Inner Mongolia as the fastest-growing
region in terms of resilience. This rapid progress is likely driven by the
region’s recent efforts to promote digital agriculture and improve
agricultural infrastructure.

In the midstream region, which includes Shaanxi and Shanxi
provinces, agricultural resilience rose from 0.1674 in 2012 to
0.3538 in 2022, representing a growth of approximately 211%. This
improvement has been significantly influenced by targeted
government initiatives, such as Shaanxi Province’s 14th Five-Year
Plan for Digital Agriculture and Rural Development (April 2022)
and Shanxi Province’s 14th Five-Year Plan for Promoting
Agricultural and Rural Modernization (September 2022), both of
which have contributed to enhancing the region’s agricultural
adaptability and sustainability. In the downstream region, covering
the prefecture-level cities of Henan and Shandong provinces,
agricultural resilience steadily increased from 0.2180 in 2012 to
0.4034 in 2022, marking an overall growth of about 185%. This
improvement is largely attributed to policy support, including
Henan Province’s 14th Five-Year Plan for Rural Revitalization and
Agricultural and Rural Modernization (Wei et al, 2020) and
Shandong Province’s Five-Year Action Plan for Promoting High-
Quality Development of the Entire Agricultural Industry Chain
(October 2021), which have provided strategic frameworks to guide
agricultural modernization and enhance resilience.

Frontiers in Sustainable Food Systems

To assess the spatial distribution and evolution of agricultural
resilience across prefecture-level cities in the Yellow River Basin, this
study applies the natural break classification method using
ArcGIS. Agricultural resilience levels are categorized into four tiers,
and the years 2012, 2017, and 2022 are selected to visualize spatial
changes. As shown in Figure 3, the highest resilience levels are
concentrated in the downstream cities of Shandong Province and the
upstream cities of Inner Mongolia, while lower levels are primarily
observed in the midstream region of Shanxi Province. This spatial
distribution highlights pronounced regional disparities, with relatively
stronger resilience in the upstream and downstream areas and weaker
performance concentrated in the midstream.

3.2 Spatial effect analysis of agricultural
resilience

The global autocorrelation index of agricultural resilience levels for
urban agglomerations along the Yellow River Basin, as presented in
Table 2, reveals significant spatial patterns over the period from 2012 to
2022. The global MI for the study area remained significantly positive
atthe 1% level (p < 0.01) throughout the study period, and it successfully
passed the Z-statistic test. This suggests a notable and stable positive
spatial agglomeration effect, meaning that improvements in agricultural
resilience in one prefecture-level city tend to have a significant and
stable positive impact on the agricultural resilience of neighboring
cities. Furthermore, the upward trend in the global MI over time
indicates that spatial autocorrelation has strengthened, underscoring an
increasing interdependence among these urban areas in terms of
agricultural resilience improvements during the study period.

Since the global MI only captures the overall spatial clustering of
agricultural resilience in urban areas along the Yellow River Basin and
does not provide insights into individual prefecture-level cities, this
study expands the analysis by incorporating the local Moran’s Index.

Table 3 highlights the spatial agglomeration and heterogeneity of
agricultural resilience across 43 prefecture-level cities in the Yellow
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FIGURE 3
Spatial distribution of agricultural resilience.

(©)

TABLE 2 Global Ml of the Yellow River Basin from 2012 to 2022.

Years MI VA Years MI Z
2012 0.3247 3.329 2018 0.333% 3.489
2013 0.316% 3.278 2019 0.3377 3.501
2014 0.2997 3.112 2020 0.3535 3.697
2015 0.2947 3.059 2021 0.3927% 4.087
2016 0.3097 3.211 2022 0.3877 4.019
2017 0.385%*3% 3.952

*#*Shows significance level of parameters at 1%.

TABLE 3 Quadrant of local MI.

Growth zone

(High-High)

Transition zone
(Low-High)

Low-level zone
(Low-Low)

Radiation zone
(High-Low)

Zibo, Wuhai, Hohhot, Jinan,
Binzhou, Ulanqab, Baotou,

Tai’an, Dezhou, Shuozhou

Baoji, Yulin, Liaocheng

2012 Wubhai, Zibo, Xinxiang, Tai’an, Heze, Puyang, Xuchang, Shangluo, Lvliang, Linfen, Yulin, Jining, Shanggiu, Hohhot,
Bayannur, Jinan, Ordos, Jincheng, Changzhi, Xinzhou Baoji, Tongchuan, Ulanqab, Jinzhong, Taiyuan, Yangquan, Xi'an
Jiaozuo, Binzhou, Zhengzhou, Weinan, Shuozhou, Yan'an,
Anyang, Dezhou, Dongying, Zhoukou, Xianyang, Yuncheng
Baotou, Hebi, Liaocheng,
Kaifeng
2022 Ordos, Bayannur, Dongying, Shangluo, Xinzhou, Tongchuan, Yangquan, Changzhi, Jincheng, Weinan, Xianyang, Jiaozuo,

Jinzhong, Yuncheng, Linfen, Xinxiang, Xian, Taiyuan, Yanan
Lvliang, Jining, Heze,
Zhengzhou, Kaifeng, Anyang,

Hebi, Puyang, Xuchang,

Shanggqiu, Zhoukou

River Basin. Most cities fall into either the first quadrant (High-High,
HH) or the third quadrant (Low-Low, LL), indicating a significant
positive spatial correlation and notable clustering effects. In 2012, 16
cities located in the upstream (Inner Mongolia) and downstream
(Henan and Shandong) regions were classified within the HH
quadrant, forming a high-resilience belt driven by favorable natural
resource endowments, diversified agricultural systems, and strong

Frontiers in Sustainable Food Systems

government support. In contrast, 14 cities in the midstream region
(Shaanxi and Shanxi) were situated in the LL quadrant, where difficult
terrain, harsh climatic conditions, and water scarcity hindered
agricultural development and lowered resilience levels.

By 2022, most cities in the HH quadrant were concentrated in
Inner Mongolia and Shandong, while several cities in Henan shifted
into the lower quadrants. This transition reflects increasing pressures
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that have intensified the gap between traditional agricultural models
and the demands of modernization. Resource constraints and
environmental degradation have become more pronounced. As one
of Chinas major grain-producing provinces, Henan has long
experienced intensive land use, leading to significant land degradation.
By 2016, over 60% of the province’s farmland was classified as
medium-or low-yield. Furthermore, issues such as groundwater over-
extraction and the growing frequency of extreme weather events due
to climate change have further eroded the agricultural production base.

In addition to environmental pressures, the outflow of production
factors has weakened local resilience. Between 2012 and 2022, the
proportion of Henan’s rural labor force working outside the province
rose from 35 to 52%, leading to a hollowing out of rural areas.
Mechanization has yet to fully compensate for the loss of labor, and
agricultural structural transformation has lagged behind. Wheat and
corn continue to dominate over 70% of the cultivated land, while
economic crops and facility agriculture remain underdeveloped,
reducing the sector’s capacity to manage market fluctuations.

Policy-related challenges have further compounded these issues.
While the grain security accountability system has emphasized
production targets, accompanying measures such as ecological
compensation and technological advancement have not been
adequately implemented. This lack of coordination has weakened the
sustainability of agricultural systems. Amid accelerated urbanization
and shifting consumption patterns, traditional agricultural practices
are increasingly unable to withstand complex and evolving risks,
resulting in a systemic decline in agricultural resilience.

Overall, the analysis reveals a persistent pattern of higher agricultural
resilience in the upstream and downstream regions and lower resilience
in the midstream. This spatial differentiation emphasizes the need for
region-specific strategies to address varying development constraints.

Moreover, some cities exhibited spatial anomalies. For instance,
Low-High (LH) cities such as Tai’an and Heze in 2012, and Shangluo
and Xinzhou in 2022, as well as High-Low (HL) cities like Yulin and
Jining, deviated from the dominant regional trends. These anomalies
are largely attributed to the weak radiation effect of high-resilience
areas, a homogeneous agricultural structure, and a lack of coordinated
development between high-and low-resilience zones.

3.3 Regional differences in agricultural
resilience

This study employs the Dagum Gini coefficient decomposition
method to assess regional disparities in agricultural resilience across
43 prefecture-level cities in the Yellow River Basin. The results, shown
in Tables 4, 5, offer key insights into the extent and nature of these
regional differences.

3.3.1 Intra-regional differences

As shown in Table 4, over the 11 years from 2012 to 2022, the
overall Gini coefficient for the study area decreased from 0.129 to
0.117, representing a 10.26% reduction. The average Gini coefficient
was 0.1195, fluctuating between 0.129 and 0.11, with a pattern of
“decline-rise-decline” This indicates that while some spatial imbalances
in agricultural resilience remain, the overall gap is narrowing.

Regarding intra-regional differences, the upstream region had
the highest average internal disparity (mean value of 0.119), followed
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by the midstream region (0.108), and the downstream region with
the smallest internal difference (0.074). As shown in Table 5, the
downstream region consistently exhibited the smallest internal
differences, which decreased from 2012 to 2019 but began to rise
again from 2019 to 2022. In 2012, the midstream region had the
largest internal disparity, but by 2013, the upstream region surpassed
it, with the gap widening until 2020, when the internal differences
between the upstream and midstream regions became similar again.

3.3.2 Inter-regional differences

As shown in Table 5, the average Gini coefficients for inter-
regional differences from 2012 to 2022 rank as follows: upstream-
midstream (0.19) > midstream-downstream (0.126) > upstream-
downstream (0.124). This indicates that the largest gap in agricultural
resilience exists between the upstream and midstream regions. The
primary reason may be the climatic differences, with the cold
temperate continental climate of Inner Mongolia contrasting with the
warm temperate semi-humid climate of Shaanxi and Shanxi in the
midstream (Wu et al., 2023). These climate variations influence
agricultural practices, leading to significant differences in resilience.
Additionally, severe soil erosion and water scarcity in the midstream
region exacerbate these disparities.

In terms of trends, the Gini coefficients for the upstream-
downstream and upstream-midstream regions displayed an upward
trajectory, while the midstream-downstream region experienced a
decline. This suggests that the gap between upstream and both the
midstream and downstream regions is widening, while the difference
between midstream and downstream is narrowing. Thus, there is a
broad imbalance in agricultural resilience across the Yellow River
Basin, with particular focus needed on improving coordination
between the upstream and other regions (Huang et al., 2023).

3.4 Time evolution trend based on kernel
density estimation

To gain deeper insights into the evolution of agricultural resilience
across the 43 prefecture-level cities, Kernel density curves for 2012,
2015, 2018, and 2022 were generated for both the entire basin and its
regions. As illustrated in Figures 4A-D, the Kernel density curves for
the overall basin and its regions consistently shift to the right over
time, signaling continuous improvement in agricultural resilience.
Notably, the midstream region exhibits a more pronounced rightward
shift, indicating a faster rate of improvement in agricultural resilience
compared to other regions.

The peak morphology of the curves reveals a “decline-rise-
decline” pattern in the main peak values for cities across the basin,
with an overall downward trend. The side peak values are smaller,
shifting rightward and broadening in width, indicating a decrease in
concentration and a slight gradient effect in agricultural resilience
levels. In the upstream and midstream regions, the main peak values
decrease, broaden, and shift to the right, reflecting improvements in
agricultural resilience but also widening internal disparities. In the
downstream region, the main peak values follow the same “decline-
rise-decline” pattern, with a broader width and a rightward shift in the
main peak, though the side peaks remain small. This indicates that
while agricultural resilience has improved in the downstream regions,
the concentration has decreased, with a slight gradient effect evident.
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TABLE 4 The Results of Dagum Gini coefficient and contribution rate.

Years Overall Intra-group Hyper- Intra-group Inter-group Hyper-variable
Gini variable contribution contribution density
coefficient coefficient density Gini rate rate contribution
coefficient rate
2012 0.129 0.038 0.072 0.019 29.579% 55.906% 14.516%
2013 0.126 0.037 0.068 0.020 29.546% 54.197% 16.257%
2014 0.124 0.038 0.066 0.020 30.455% 53.090% 16.455%
2015 0.124 0.037 0.067 0.021 29.802% 53.659% 16.539%
2016 0.121 0.035 0.067 0.018 29.167% 55.756% 15.077%
2017 0.121 0.032 0.075 0.013 26.692% 62.204% 11.104%
2018 0.115 0.031 0.070 0.014 26.743% 60.809% 12.449%
2019 0.111 0.030 0.067 0.014 26.673% 60.722% 12.605%
2020 0.110 0.031 0.069 0.010 28.097% 62.458% 9.445%
2021 0.117 0.033 0.069 0.014 28.621% 59.538% 11.841%
2022 0.117 0.035 0.065 0.018 29.998% 55.100% 14.903%

TABLE 5 Intra-and inter-regional differences in agricultural resilience across the Yellow River Basin based on Dagum Gini coefficient decomposition.

Years Upstream Downstream Midstream Upstream and Upstream and Midstream and
downstream midstream downstream
2012 0.109 0.081 0.125 0.110 0.188 0.149
2013 0.123 0.078 0.119 0.117 0.185 0.140
2014 0.120 0.084 0.115 0.127 0.189 0.127
2015 0.130 0.080 0.114 0.123 0.187 0.133
2016 0.122 0.077 0.108 0.116 0.184 0.133
2017 0.127 0.070 0.099 0.120 0.197 0.135
2018 0.138 0.060 0.100 0.121 0.190 0.125
2019 0.127 0.057 0.099 0.112 0.181 0.124
2020 0.100 0.064 0.103 0.124 0.193 0.106
2021 0.108 0.074 0.103 0.144 0.202 0.105
2022 0.103 0.084 0.103 0.145 0.192 0.105

3.5 Analysis of factors influencing
agricultural resilience in the Yellow River
Basin

3.5.1 Analysis of internal constraining factors

This study focuses on the years 2012, 2017, and 2022, applying the
obstacle degree model to identify internal constraining factors at the
indicator level for 43 prefecture-level cities along the Yellow River
Basin. The top three obstacle factors for each city are determined
based on their respective obstacle degree levels.

The results in Table 6 reveal that the top three factors influencing
the obstacle degree of agricultural resilience are agricultural insurance
intensity (x14), effective irrigation rate (x12), and land productivity
intensity (x8). This suggests that improving agricultural resilience
along the Yellow River Basin requires enhancing these key areas. First,
a comprehensive agricultural insurance system should be established,
offering tailored products for different regions, crops, and agricultural
needs to better serve farmers and increase the appeal of insurance.
Second, investments in rural infrastructure, particularly irrigation
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systems—such as channels, ponds, and reservoirs—must
be strengthened to optimize arable land conditions.

Regionally, the main factors influencing resilience in upstream
cities shifted from land productivity intensity (x8), agricultural
insurance intensity (x14), and effective irrigation rate (x12) to land
productivity intensity (x8), effective irrigation rate (x12), and
agricultural power supply level (x13). This highlights the need for
improved fertilization practices, irrigation, and power infrastructure
in the upstream region. In midstream cities, the key factors evolved
from agricultural insurance intensity (x14), effective irrigation rate
(x12), and land productivity intensity (x8) to agricultural insurance
intensity (x14), effective irrigation rate (x12), and agricultural power
supply level (x13). This underscores the importance of building a
robust insurance service system, streamlining claims processes, and
enhancing farmers’ trust in insurance services.

For downstream cities, the main influencing factors remained
consistent with the midstream, shifting slightly from agricultural
insurance intensity (x14), land productivity intensity (x8), and

effective irrigation rate (x12) to agricultural insurance intensity (x14),
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FIGURE 4

(A) Kernel density plot of overall agricultural resilience level in the Yellow River Basin. (B) Kernel density plot of agricultural resilience level in the
upstream regions of the Yellow River Basin. (C) Kernel density plot of agricultural resilience level in the midstream regions of the Yellow River Basin.
(D) Kernel density plot of agricultural resilience level in the downstream regions of the Yellow River Basin.

effective irrigation rate (x12), and land productivity intensity (x8).
This similarity between the midstream and downstream regions may
stem from shared challenges, such as water resource shortages, soil
quality issues, climate change, and natural disasters, all of which affect
agricultural resilience in both areas.

3.6 Analysis of external constraining factors

3.6.1 Selection of influencing factors

Agricultural resilience is a key component of China’s high-quality
agricultural development, emphasizing agriculture’s capacity for
resistance, recovery, and regeneration in the face of external
uncertainties (Zhao and Zhao, 2024). Various local social and
economic factors influence the level of agricultural resilience. To
estimate the external drivers of agricultural resilience in cities along
the Yellow River Basin, this study selects five explanatory indicators,
each expressed in logarithmic form:

First, Urbanization Level (URB) is measured as the percentage of
the urban population relative to the total population, consistent with
established research methodologies (IMorris et al., 2017; Wang and
Yang, 2019). This indicator reflects the degree of urbanization within
the
modernization and industrial upgrading, thereby enhancing

study area. Urbanization contributes to agricultural
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production efficiency, improving product quality, and increasing the
agricultural sector’s competitiveness and capacity to withstand
external risks (Wan, 2022).

Second, the Economic Development Level (INC) is represented
by per capita GDP. Economic growth plays a crucial role in improving
agricultural infrastructure and promoting the adoption of advanced
technologies. These developments boost productivity, optimize
management and supply chain systems, and ultimately strengthen
agricultural resilience (Wang et al., 2023).

Third, Industrialization Level (INS), following the definition by
Qin Tian, is expressed as the share of secondary industry in
GDP. While industrialization supports technological advancement
and greater mechanization in agriculture—contributing positively to
risk resistance (Lewis et al., 2022)—it can also introduce challenges
such as land use conflicts and rural depopulation, which may
negatively affect agricultural resilience.

Fourth, the Agricultural Human Capital Level (HCM) is
defined as the proportion of the labor force employed in the
primary industry, in accordance with established practices (Collins
et al., 2017; Baldoni et al, 2017). This indicator captures the
availability and distribution of human capital within the agricultural
sector. Skilled labor is essential for maintaining and enhancing
resilience through effective farm management and adaptation
to change.
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TABLE 6 The sequence of obstacle factors for selected years.
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2012 2017 2022 City 2012 2017 2022
Indicator Indicator Indicator Indicator Indicator Indicator
sequence sequence sequence sequence sequence sequence
Upstream Hohhot x8 x14 x12 x8x12x14 x8x12x13 Ordos x8 x14 x12 x8x12 x14 x8 x12 x10
Baotou x14 x8 x12 x14 x8 x12 x8 x12 x14 Bayannur x8 x14x13 x8 x14 x13 x8 x13 x12
‘Wuhai x14 x8 x13 x14 x8 x13 x13 x14 x8 Ulanqab x8 x14 x12 x12 x8 x14 x12x8x13
Midstream Xian x14 x12 x8 x14 x12 x8 x14x12x13 Yangquan x14 x12 x8 x14 x12 x8 x12 x14 x8
Tongchuan x14 x12 x8 x12 x14 x8 x12 x8 x14 Changzhi x14 x12 x8 x14 x12 x8 x14 x12 x8
Baoji x14x12x8 x14x12x8 x12x14x13 Jincheng x14x12x8 x14x12 x8 x12x14 x8
Xianyang x14 x12x13 x14x12x13 x12x14x13 Shuozhou x14 x8 x12 x14 x8 x13 x8 x13 x14
Weinan x14x12x8 x14x12 x8 x14x12x13 Jinzhong x14 x8 x12 x14 x8 x13 x14 x8 x13
Yan'an x14x12x13 x14x12x13 x12x14x13 Yuncheng x14 x8 x12 x14 x8x13 x14x13 x8
Yulin x14 x12 x8 x14 x12 x8 x12 x14 x8 Xinzhou x14 x8 x12 x14 x8 x12 x12 x8 x14
Shangluo x14 x12 x8 x14 x12 x8 x14x12x13 Linfen x14 x12 x8 x14 x12 x8 x14 x12 x8
Taiyuan x14x12x8 x14x13 x8 x14 x8 x13 Lvliang x14x12x8 x14 x8 x12 x14 x8 x12
Downstream Zhengzhou x14 x8 x12 x14 x12 x8 x14 x12 x8 Jinan x14 x12 x8 x14 x12 x8 x14 x12 x8
Kaifeng x14x12x8 x14x12x8 x12x14x13 Zibo x14x12x8 x14x12 x8 x14x12 x8
Anyang x14x12 x8 x14x12x8 x14 x12 x8 Dongying x14 x8 x13 x14 x8 x13 x8 x13 x12
Hebi x14 x8 x12 x14 x8 x12 x14 x12 x8 Jining x14 x8 x12 x14 x12 x8 x14x12 x13
Xinxiang x14 x8 x12 x14 x8 x12 x14x12 x8 Taian x14x12x8 x14x12x8 x14 x12 x8
Jiaozuo x14 x8 x12 x14 x8 x12 x14 x12 x8 Dezhou x14 x8 x12 x14 x8 x12 x8 x14 x12
Puyang x14 x8 x12 x14 x8 x12 x14x12 x8 Liaocheng x14 x8 x12 x14 x8 x12 x14 x8 x12
Xuchang x14x12x8 x14 x8 x12 x14x12 x8 Binzhou x14x8x13 x14 x8 x12 x14 x8 x12
Shanggiu x14 x8 x12 x14 x8 x12 x14x12 x8 Heze x14 x8 x12 x14 x8 x12 x14 x8 x12
Zhoukou x14 x12 x8 x14 x12 x8 x12 x8 x14

Finally, Economic Structural Change (CSE) is measured by the
ratio of agricultural value-added to regional GDP, serving as an
indicator of the agricultural sector’s relative contribution to the
broader economy. A higher share of agricultural value-added reflects
a more agriculture-oriented economic structure, which enhances
adaptability to market fluctuations and strengthens resilience
(German et al., 2020).

Together, these five indicators form a comprehensive framework
for evaluating the external factors influencing agricultural resilience
across prefecture-level cities in the Yellow River Basin.

3.6.2 Model testing

As shown in Table 7, applying the spatial adjacency matrix reveals
that the LM-spatial lag, Robust LM-spatial lag, LM-spatial error, and
Robust LM-spatial error are all significant at the 0.01 level (p < 0.01)
in the LM test results. This confirms the strong robustness of the
models, indicating that the agricultural resilience of the 43 prefecture-
level cities along the Yellow River Basin demonstrates significant
spatial error and spatial lag effects.

Before selecting the appropriate model, it is essential to conduct a
rational model comparison. In this study, the likelihood ratio (LR) test
was used to determine whether the Spatial Durbin Model (SDM)
could be simplified to a Spatial Error Model (SEM) or a Spatial
Autoregressive Model (SAR). As shown in the results table, the Wald-
spatial lag, LR-spatial lag, Wald-spatial error, and LR-spatial error tests
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were all significant at the 1% level (p < 0.01), thereby strongly rejecting
the null hypothesis that the SDM could be reduced to either
SEM or SAR.

Additionally, based on the significance of test results, the Hausman
test, and the economic relevance of explanatory variables, a
comparison was made among individual fixed effects, time fixed
effects, and two-way fixed effects models. The findings indicated that
the time-fixed effects model was the most appropriate specification for
the data used in this study.

3.6.3 Impact of external factors on agricultural
resilience

The analysis of the Spatial Durbin Model indicates that the
selected external factors exert different influences on the agricultural
resilience of cities along the Yellow River Basin. As outlined in Table 8,
urbanization has a notable impact, with a direct effect of 0.1305, which
is statistically significant at the 1% level. A 1% increase in the
urbanization rate leads to a 13.5% improvement in agricultural
resilience in the region, with a spatial spillover effect of 0.015.
Urbanization promotes population agglomeration and economic
growth, increasing the demand for agricultural products while also
fostering better technological support through the concentration of
resources such as agricultural research institutions. These
advancements in technology and management contribute to improved
agricultural productivity and resilience.
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TABLE 7 Results of LM and LR of the spatial panel econometric model.

10.3389/fsufs.2025.1614493

Inspection Statistics p-value Inspection Statistics P-value
methods methods
LM-spatial lag 42.353 0.000 Wald-spatial lag 15.57 0.0082
Robust LM-spatial lag 11.920 0.001 LR-spatial lag 202.64 0.0000
LM-spatial error 95.323 0.000 Wald-spatial error 24.46 0.0002
Robust LM-spatial error 64.890 0.000 LR-spatial error 859.33 0.0000
TABLE 8 The direct and indirect effects of the Spatial Durbin Model.
Variables Direct effect Indirect effects Total effect SDM
InURB 0.1305%*%(4.97) 0.015 (0.26) 0.1455%%(2.38) 0.12887**%(4.95)
InINC 0.074%*%(10.21) 0.0104 (0.75) 0.08447%**(5.43) 0.0739%*%(10.01)
InINS —0.474%%%(—3.76) 0.0908%%%(3.16) 0.0434 (1.47) —0.0535%%%(—4)
InHCM 0.0016 (0.78) —0.0152%%#%(—4.5) —0.0137%#%#%(—3.83) 0.0024 (1.11)
InCSE 0.0437%%%(7.46) —0.0086(—0.66) 0.0352%%%(2.68) 0.0441%%% (7.57)
p) 0.2525%%%(4.77)
Sigma2_e 0.0019%**(15.31)
Sample size 473
R 0.6042

*#*Shows significance level of parameters at 1%. t-values are given in the parentheses.

Economic development also has a direct positive impact on
agricultural resilience. As economic development advances, it leads
to increased investments in infrastructure, technological
innovation, and human resource training, which in turn bolster
agricultural productivity and disaster resilience. Moreover,
economic development generates a spatial spillover effect, as cities
with more advanced agricultural technologies and management
practices can assist neighboring cities through cooperation and the
spread of technology, thereby improving resilience across
the region.

Industrialization has a complex impact, with a negative direct
effect but a positive spatial spillover effect on agricultural resilience.
The negative direct impact is due to the use of land for urbanization
and industrial activities, which can lead to environmental degradation,
reduced arable land, and limited agricultural development. However,
industrialized regions often possess advanced agricultural
technologies and expertise that, when shared with neighboring
regions, improve their agricultural production efficiency, anti-disaster
capabilities, and overall resilience.

A significant negative spatial spillover effect characterizes the
impact of agricultural human capital on resilience. A 1% increase in
the proportion of the workforce employed in the primary sector in
one region corresponds to a 1.52% decrease in the agricultural
resilience of neighboring areas. This may occur because regions with
higher primary sector employment place increased demand on
agrarian resources, reducing availability in adjacent areas and thus
lowering their resilience. Lastly, economic structural changes have a
significantly positive direct effect on agricultural resilience. A higher
proportion of agricultural value-added reflects the importance of
agriculture in the regional economy and indicates a more diversified
economic structure (Delgado, 1999). This diversification supports

agriculture by reducing dependency on a single sector and providing
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resources from other industries, which strengthens resilience (De
Roest et al., 2018). However, the spatial spillover effects of economic
structural changes on neighboring cities are not significant, suggesting
that these impacts are largely confined to the city itself. Overall, the
analysis shows that urbanization, economic development, and
industrialization influence agricultural resilience in varying ways, with
significant direct and spillover effects, while human capital and
economic structure primarily affect resilience through more
localized impacts.

4 Discussion

This study reveals that agricultural resilience across prefecture-
level cities in the Yellow River Basin has generally improved over time,
with notable spatial heterogeneity. The upward trend observed from
2012 to 2022 aligns with broader national efforts to modernize
agriculture and promote rural revitalization. The more pronounced
increase after 2021 may be attributed to policy intensification and the
implementation of high-quality development strategies in the basin.

The regional variation in resilience levels—stronger in the
upstream and downstream, and weaker in the midstream—is
consistent with findings from Zhou and Guo (2024), who emphasized
the role of digital infrastructure and resource allocation in shaping
resilience patterns. Inner Mongolia’s significant gains can be linked to
its early adoption of digital agriculture and infrastructure
improvements, while downstream regions like Shandong have
benefited from industrial linkages and robust policy frameworks (Wei
et al., 2020).

The significant spatial autocorrelation detected by Moran’s Index
suggests that agricultural resilience is not randomly distributed but
rather exhibits strong spatial clustering. This confirms the presence of
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spatial spillover effects, as cities with high resilience tend to influence
neighboring cities positively. This supports the spatial interdependence
model proposed by Du et al. (2023), who demonstrated similar spillovers
in studies on digital financial inclusion and economic resilience.

Local indicators of spatial association further confirm the
persistent High-High (HH) and Low-Low (LL) clusters. Cities such as
Ordos and Zibo remained consistently in the HH category, while cities
in midstream areas like Yuncheng and Linfen showed prolonged LL
characteristics. These findings reflect the impact of long-standing
disparities in natural endowments, infrastructure, and policy
effectiveness across regions. The Dagum Gini coeflicient analysis
shows that overall regional disparities in resilience have narrowed over
the past decade, with notable fluctuations. The most significant
differences remain between the upstream and midstream regions,
possibly due to climatic contrasts (Wu et al., 2023) and varying levels
of soil degradation and water scarcity.

The Kernel density estimation indicates polarization in resilience
levels—especially in the midstream—where the widening gap between
high-and low-performing cities calls for targeted interventions. This
gradient effect supports the findings of Sui et al. (2023), who
emphasized east-west spatial asymmetries in resilience across the
Yellow River Basin.

In terms of internal barriers, agricultural insurance intensity,
irrigation efficiency, and land productivity remain the top obstacles.
These results reaffirm the conclusions of Gao and Gao (2024), who
underscored the need for better risk-sharing mechanisms and basic
infrastructure in bolstering resilience. Externally, Spatial Durbin
Model results highlight urbanization and economic development as
positive drivers with both direct and spillover effects. These findings
align with Morris et al. (2017) and Wan (2022), who argued that
urbanization fosters infrastructure, innovation, and market
connectivity. Interestingly, industrialization shows a negative direct
effect but positive spillovers, indicating that while local agricultural
areas may suffer from industrial encroachment, neighboring cities
benefit from technology and knowledge transfers.

Agricultural human capital was found to have a negative spatial
spillover effect, likely due to rural labor outmigration and inefficient
human resource distribution. Finally, economic structural change—
measured by the share of agricultural value-added—had a positive
local impact, reinforcing the role of diversified agricultural economies
in sustaining resilience (German et al., 2020).

5 Conclusion and policy implications

This study set out to explore the spatiotemporal evolution,
regional disparities, and influencing factors of agricultural resilience
across 43 prefecture-level cities in the Yellow River Basin over the
period from 2012 to 2022. Drawing on the conceptual framework of
the Pressure-State-Response (PSR) model, the research developed a
comprehensive indicator system to measure agricultural resilience. A
range of analytical methods was employed, including entropy
weighting for indicator aggregation, the Dagum Gini coeflicient for
regional difference decomposition, Kernel density estimation for
dynamic distribution analysis, Moran’s I and Local Indicators of
Spatial Association (LISA) for spatial correlation analysis, the obstacle
degree model for identifying internal constraints, and the Spatial
Durbin Model for assessing the impact of external factors.
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The results demonstrate that agricultural resilience in the
Yellow River Basin has shown a clear upward trend during the study
period, with upstream regions such as Inner Mongolia experiencing
the most rapid improvement, followed by the midstream and
downstream areas. Spatial clustering was evident, with resilience
levels exhibiting significant positive spatial autocorrelation and
spillover effects, particularly in upstream and downstream cities.
The gap in resilience between regions narrowed overall; however,
the disparity between upstream and midstream cities remained
pronounced, driven by factors such as climatic differences,
infrastructure availability, and ecological vulnerability. Internal
barriers to resilience were consistently found to be agricultural
insurance intensity, effective irrigation rate, and land productivity
intensity. Externally, urbanization and economic development
contributed positively to resilience, both directly and through
spatial spillovers, while industrialization had a negative direct effect
due to land pressure and environmental degradation, yet a positive
spillover effect through technological diffusion. Agricultural human
capital had a negative spatial spillover, suggesting regional
competition or resource strain, and economic structural change
showed a positive local effect but limited influence across
neighboring areas.

The findings of this study offer important implications for
agricultural and regional development policy in China. Addressing
resilience disparities requires region-specific strategies that reflect the
varied natural, economic, and institutional conditions across the
basin. In the upstream regions, enhancing drought resistance through
improved irrigation systems and resilient crop varieties is critical. The
midstream areas, facing severe ecological degradation and soil
erosion, need intensified environmental restoration and soil
conservation efforts. In the downstream regions, where economic
development is relatively advanced, promoting agricultural
diversification and integrating agriculture with modern industrial
chains will help mitigate risks associated with over-reliance on single-
sector production. The presence of spatial spillover effects underscores
the need for coordinated regional planning and inter-city
collaboration.  Strengthening factor mobility, cross-regional
agricultural cooperation, and technological exchange can help
distribute resilience-enhancing practices more effectively throughout
the basin. Investments in insurance systems, irrigation infrastructure,
and rural land productivity will also be essential in building a more
stable and adaptable agricultural sector. Furthermore, while
industrialization and urbanization are key drivers of transformation,
they must be managed in a way that safeguards agricultural resources
and promotes inclusive growth.

Despite the strengths of this study, there are several limitations
that should be acknowledged. The study primarily relied on
prefecture-level data, which may mask important intra-city variations
at the county or village level. Moreover, certain relevant variables such
as the impacts of climate change, policy enforcement, or environmental
shocks were not fully captured due to data constraints. Future research
could extend the scope to include other major river basins for
comparative analysis, integrate climatic and environmental datasets to
capture broader ecological influences, and employ more granular data
to explore resilience dynamics at the local level. These enhancements
would provide deeper insights into the multi-dimensional nature of
agricultural resilience and support more precise and effective
policy design.
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