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Abstract: As an important path to breaking the urban-rural dual system and promoting agricultural modernisation
in China, the process of urbanisation might have a strong influence on promoting agricultural economic resilience
(AER). Using panel data from provincial-level administrative regions of China’s mainland, we constructed a novel in-
dicator system to measure AER, and employ the system generalised method of moments model to examine the impact
of urbanisation on AER and the moderating roles of land transfer and heterogeneous human capital. Our study yielded
three notable findings. First, the urbanisation process can significantly enhance AER. This finding remained robust after
conducting multiple robustness tests and addressing endogeneity using the instrumental variable method. Second, the
influencing mechanism analysis results indicated that land transfer and human capital had significant moderating roles,
and the level of land transfer and educational improvement can enhance the positive impact of urbanisation on AER,
while the migratory human capital weakened this positive effect. Third, the heterogeneity analysis revealed regional
differences in the impact of urbanisation on AER, demonstrating that the promotional effect of urbanisation was much
greater in the major grain-producing areas. Our study offers a new perspective and evidence for researchers and poli-
cymakers investigating how to enhance AER.
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Since the external environment is changing drasti-
cally, China is striving to promote the nation’s trans-
formation from a large agricultural country to an ag-
ricultural powerhouse. To meet this goal, improving
food production and the supply of important agricul-
tural products is the chosen strategic direction for the
country. Stated differently, China must strengthen its
agricultural economic resilience (AER) to navigate di-
verse internal and external shocks.

According to Folke (2006), AER refers to the capacity
of an agricultural economic system to digest and absorb
external disturbances and maintain its original main
features. Compared with the concepts of vulnerability
and adaptability, resilience emphasises the comprehen-
sive capacity of the economic system and is an impor-
tant embodiment of agricultural modernisation.

Existing studies have demonstrated that AER is af-
fected by a variety of factors, such as arable land area,
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industrial structure, rural education level, and the in-
tensity of environmental regulations (Rockstrom et al.
2017; Jung et al. 2021). However, few studies have in-
vestigated the effect of urbanisation on AER in China.
Furthermore, this effect can be positive or negative.
Urbanisation can be a strong impetus for improving
AER in China. A reasonable explanation for this posi-
tive effect is that urbanisation can break down urban-
rural barriers, increase nonagricultural employment
opportunities, and encourage labour mobility between
urban and rural areas. Therefore, urbanisation can im-
prove agricultural efficiency and promote the transfor-
mation of agricultural production toward specialisa-
tion and modernisation (Zhu 2011). In contrast, the
labour mobility induced by urbanisation may weaken
the rural labour force, resulting in insufficient labour
capacity, which can lead to a reduction in agricultur-
al income and farm households’ productivity. In this
sense, urbanisation may have a negative effect on AER.
Moreover, as urbanisation in China is imbalanced, its
impact on AER may vary across regions (Cao et al.
2014). In this context, it is crucial to clarify the impact
of urbanisation on AER, including its mechanism ef-
fects and regional heterogeneity.

Literature review

The concept of resilience originated from the physical
phenomenon of elasticity. Holling (1973) was the first
scholar to introduce the concept to ecology for analys-
ing ecosystems’ capacity to recover from external dis-
turbances. In the wake of the profound impact of exter-
nal factors such as natural disasters, economic crises,
and terrorist attacks on the macroeconomy, resilience
was introduced into the field of economic analysis (Cel-
lini and Cuccia 2015; Di Pietro et al. 2021). According
to Martin (2012), economic resilience (ER) is divided
into four dimensions, which encompass an economic
system’s capacity to withstand shocks, recover from
shocks, reintegrate internal resources to adapt to the ex-
ternal environment, and explore and create new paths
for economic development. Following this conceptual
framework, previous studies have conducted in-depth
research on countries’ or regions’ ERs. In addition
to assessing ER, existing research has primarily focused
on its influencing factors, such as industrial structure
(Davies 2011), social capital (Crespo et al. 2014), and
digital finance (Hou et al. 2023). However, gaps remain
in the research concerning China’s ER.

First, existing literature has predominantly assessed
the macro and regional ER of China and its influenc-
ing factors. For instance, Zhou et al. (2020) calculated
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an ER index of the areas that were most severely affect-
ed by the 2008 Wenchuan earthquake, and Guo and
Gong (2023) measured marine ER in China and ana-
lysed its spatial differentiation and driving mechanism.
Some studies have measured the ER of various cities
and economic zones in China by constructing multi-
dimensional indicator systems (Lu et al. 2022; Zhao
et al. 2022). In summary, previous research has com-
monly demonstrated or argued that ER was on the rise
in China over the research period, with notable spatial
heterogeneity. In terms of the influencing factors for
ER, existing works have analysed the role of carbon
emissions (Shi et al. 2022), digital finance (Hou et al.
2023), industrial structure (Tang et al. 2023), and infra-
structure construction (Li et al. 2023).

Second, previous research has primarily analysed
AER from a single policy perspective, lacking a com-
prehensive investigation and explanation. Huang et al.
(2018) established an index system comprising en-
gineering, ecology, economy, and society, determin-
ing that land use policies elevate AER. Taking Lankao
County as a case, Cui et al. (2023) investigated the im-
pact of poverty alleviation policies in China on the re-
silience of rural economies. In addition, evidence from
other countries and regions has indicated that digital
rural policy (Roberts et al. 2017) and the European
Union Common Agricultural Policy’s direct payment
program (Zickiene et al. 2022) have promotional roles
in enhancing AER. To conclude, existing literature has
primarily analysed AER from a single policy perspec-
tive, and the assessments of AER have significant re-
gional limitations.

Third, concerning the impact of urbanisation on ag-
ricultural and rural economies, existing studies have
primarily employed two research perspectives. One
research approach has been to analyse the correlation
between urbanisation and rural development. Zhu
et al. (2019) found that the spatial paradigm of rural
development in China shifted rapidly after urbanisa-
tion. The mass migration triggered by urbanisation
has optimised resource allocation efficiency, reduced
social costs, and yielded significant economic benefits.
Moreover, the steady progress of urbanisation was also
found to have a positive impact on the reconfigura-
tion of water resources (Hommes and Boelens 2017)
and clean energy consumption (Han et al. 2022). An-
other research approach has examined the impact
of urbanisation on urban-rural income disparity and
entitlement inequality. According to Lewis (1954), the
urban-rural gap will gradually narrow with increased
urbanisation and economic development. Empirical


https://www.agriculturejournals.cz/web/agricecon/

Agricultural Economics — Czech, 70, 2024 (10): 513-526

Original Paper

https://doi.org/10.17221/207/2024-AGRICECON

studies in China have provided evidence for this argu-
ment. For instance, Yao and Jiang (2021) found that
urbanisation factors can significantly narrow urban-
rural income disparity using a dynamic panel data
model. However, several studies have demonstrated
that urbanisation is a primary cause of the urban-rural
income gap because of biased urbanisation and unjust
land expropriation policies amid the urbanisation pro-
cess (Wu 2004; Feng et al. 2019). In addition, Su et al.
(2015) found that urbanisation has a significant posi-
tive impact on the urban-rural income gap in China.
Therefore, the development pattern of urbanisation
may fail to narrow the urban-rural income gap.

ER has emerged as a significant subject of study
in macro and regional economics. Nevertheless, the
existing research on AER in China remains in its early
stages, and theoretical analysis and measurement tech-
niques require further exploration. Moreover, previous
literature has predominantly employed micro-level data
to examine the impact of urbanisation on agricultural
economic indicators. In particular, to the best of our
knowledge, minimal research has examined the effect
and mechanisms of urbanisation on AER in China.

The contributions of this paper are twofold. First,
we constructed an evaluation system for assessing Chi-
na’s AER from three new dimensions of risk resistance,
economic recovery, and path innovation. Using this
novel evaluation system, we quantitatively assessed
the AER of each provincial-level administrative region
of China’s mainland. Second, we comprehensively ex-
amined the effect of urbanisation on AER, encompass-
ing the moderating effects of land transfer and het-
erogeneous human capital (educational and migratory
human capital) and regional heterogeneity.

Research hypotheses

Nexus between urbanisation and AER. Enhancing
AER stems from strengthening the three associated ca-
pacities of resistance, recovery, and innovation when
an agricultural economic system is exposed to unpre-
dictable shocks (Cannon and Miiller-Mahn 2010). Spe-
cifically, urbanisation can not only enhance agricul-
tural economic systems’ risk resistance by increasing
farmers’ incomes, but can also cultivate the recovery
capacity of agricultural economic systems through the
flow of information elements. Urbanisation also pro-
vides innovative development platforms to enhance
the regenerative capacity of agricultural economic sys-
tems, which improves AER.

First, urbanisation increases rural residents’ income,
enriches the sources of income, and promotes large-

scale agricultural operations. Liu and Li (2017) found
that urbanisation drives rural population migration
to cities, which results in the spatial re-optimisation
of labour factors. Extensive rural labour mobility sig-
nificantly contributes to China’s economy’s growth,
notably elevates rural households’ income, and im-
proves rural residents’ income structure (Liao et al.
2023). As an integral aspect of agricultural economic
systems, increased income and diversification of in-
come sources can improve rural households’ capacity
to withstand external risks. In addition, rural labour
migration increases the intensity of agricultural ma-
chinery input, which further improves agricultural to-
tal factor productivity and ecological efficiency. In this
way, urbanisation could enhance AER when confront-
ed with unexpected shocks.

Second, urbanisation can effectively alleviate the
information asymmetry between urban and rural ar-
eas, promoting factor flow between urban and rural
areas (Eloy et al. 2015). This process expedites the
speed of information transmission and reduces the de-
gree of information asymmetry between agricultural
producers and consumers. This information transmis-
sion mechanism enables an agricultural system to rap-
idly adapt to external shocks and enhances AER. In ad-
dition, urbanisation establishes a price transmission
pathway between urban and rural areas and promotes
factor market integration, which enables agricultural
economic systems to respond promptly to external
environmental changes and effectively regulates the
relationship between agricultural production and con-
sumption. Therefore, urbanisation can increase AER
by alleviating information asymmetry between urban
and rural areas.

Third, urbanisation can optimise resource alloca-
tion efficiency and provide a fertile ground for inno-
vative development, elevating regional innovative ca-
pacity and fortifying AER. The urbanisation process
in China is transitioning from factor-driven to innova-
tion-driven (Pencea and Baglar 2016; Li et al. 2020).
With increased urban populations and improved liv-
ing standards, the potential pool of individuals capa-
ble of participating in innovative endeavours will rise.
High-skilled labourers move fluidly between regions,
which fosters the development of industrial clusters
in areas where high-tech and productive service in-
dustries closely align with innovation activities (An-
dersson et al. 2009). This trend will heighten regional
specialisation, minimise the extent of resource misallo-
cation, and elevate resource allocation efficiency. Con-
sequently, rising urbanisation will improve regional
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innovation capacity, capital productivity, and techno-

logical efficiency (Mendez et al. 2023).

Therefore, we propose the following hypothesis:

H,: Urbanisation can enhance agricultural economic
resilience in China.

The moderating role of land transfer. Existing stud-
ies have revealed that rural labour mobility may result
in a shortage of labour in agricultural production and
decrease rural households’ labour productivity, indi-
cating that labour mobility may have a negative impact
on the agricultural system (Liu et al. 2010; De Koning
et al. 2021). In contrast, Ali et al. (2014) found that
agricultural land transfer can promote land transfer
from low-efficiency farmers to high-efficiency farm-
ers, optimising the allocation of land resources. High-
production farmers establish new agricultural entities
(e.g. family farms and agricultural enterprises) and
disseminate advanced agricultural production tech-
nologies (Zhu et al. 2022). As a result, agricultural pro-
duction costs decrease, which improves production
efficiency and market competitiveness significantly.
Conversely, farmers with low productivity or those
who are unable to cultivate land can obtain dividends
by transferring land management rights. This will not
only increase the household’s property income but also
liberate family labour for nonagricultural employment
(Stampini and Davis 2009). Therefore, land transfer can
effectively address issues such as land abandonment
and fragmentation of cultivated land that may arise
from urbanisation in China (Liao et al. 2023). It en-
sures the smooth operation of agricultural production
and enhances AER in the context of an ongoing decline
in agricultural labour quantity and quality in China.

In conclusion, it is evident that land transfer through
accelerated agricultural scale management and other
approaches may enhance the positive effects of urbani-
sation on AER. Therefore, we propose hypothesis H,
as follows:

H,: The influence of urbanisation on AER is moderated
by land transfer. Specifically, land transfer bolsters
the positive impact of urbanisation on AER.

The moderating role of heterogeneous human cap-
ital. As the main agent of innovation, human capital
is primarily derived from formal education and work
experience (Mincer 1996). By generating proprietary
knowledge and providing feedback within a region,
human capital enhances the vitality of regional devel-
opment. Luo and Hu (2024) found that rural human
capital development primarily depends on targeted in-
vestment. Considering the actual circumstances in Chi-
na, we divide it into educated human capital based
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on educational expenditure and migratory human
capital based on transportation and communication
expenditure. Educational expenditure can elevate rural
labourers’ knowledge and skills. The labour force can
efficiently use modern mechanical equipment and cul-
tivate skills and experience in the urbanisation process

(Ali et al. 2016). The combination of advanced technol-

ogy and high-quality labour fosters agricultural opera-

tors” innovation capabilities, thereby enhancing AER.

In contrast, migratory human capital driven by trans-

portation and communication expenditure expands the

geographical reach of investment entities. In the pro-
cess of urbanisation, skilled labour with high human
capital engages in a nearly unidirectional flow from ru-
ral to urban areas (Long et al. 2011). This phenomenon
can diminish the calibre of labour in agricultural pro-
duction and its innovation potential, eroding the AER.
Therefore, we propose hypothesis H, as follows:

H,: The influence of urbanisation on AER is moderated
by rural human capital. Specifically, educational
human capital will augment the promotional ef-
fect of urbanisation on AER, whereas migratory
human capital will diminish the positive impact
of urbanisation.

MATERIAL AND METHODS

Econometric models

To examine the effect of urbanisation on AER (hy-
pothesis H,), the baseline regression model was as fol-
lows:

AER, = a, + a AER, | + a,urban, + (1)

+ aycontrols, + W, + €,

where: AER, —xplained variable and represents the
AER level of region i in year t; urban, — core explana-
tory variable that indicates the level of urbanisation;
controlsit — control variables; M, — area effect; g, — ran-
domised disturbance term.

Since AER is primarily determined by regions’ natu-
ral conditions, economic base, and technological level,
these factors change in the short term and have tempo-
ral continuity, which promotes the stickiness of AER.
For this reason, we introduced its lag term on the right-
hand side of Equation (1).

To test hypotheses H, and H,, we introduced the var-
iables reflecting the extent of agricultural land transfer
(turn,), educational human capital (ef, ), and migrato-
ry human capital (mh,) into the model as intermediate
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variables to examine moderating effects through inter-
action terms with urbanisation (urban, ). The moderat-
ing effect models were set as follows:

AER, = a, + q,AER, | + a,urban, +
+ oyurban,, x turn,, + a,controls, + (2)

HH e,

AER, = a, + a,AER, | + a,urban, +
+ o urban,, x eh, + a,controls, + (3)

THTE

AER, =a, + a,AER, | + o,urban, +
+ ourban,, x mh,, + a,controls, + (4)

THTE

Given the first-order lagged terms of the explanatory
variables (AER; ), our models might have endogene-
ity issues (Chen et al. 2023). In addition, issues such
as bidirectional causality between explanatory vari-
ables and the dependent variable and inadequate con-
trol variables may exacerbate the models’ endogene-
ity. We employed the generalised method of moments
(GMM) for estimation to address these concerns.
By taking first differences and using lagged values
of the dependent variable and differenced lagged val-
ues as instrumental variables (IVs), the GMM method
addressed the omitted variable bias, individual hetero-
geneity, measurement error, and potential endogene-
ity (Arellano and Bond 1991; Blundell and Bond 2000).
Using this approach obtained consistent and efficient
coefficient estimates. In addition, following the prac-
tice of existing literature (Chen et al. 2023), we con-
ducted two tests on the GMM results. The first was the
AR(2) test, which is used to test whether the residuals
are second-order serially correlated, and the second
was the Sargan test, which is used to identify the ra-
tionality of IVs and avoid overidentification issues.

Variables and measurement

Explained variable. The explained variable was
agricultural economic resilience (AER). Generally,
the impact of natural conditions on agricultural out-
put is significant. If we follow the calculation method
for ER (Crespo et al. 2014; Di Pietro et al. 2021), and
take the change in regional agricultural gross output
as a measure for AER, the results will have significant
limitations; therefore, a sounder method is to measure
the AER using an indicator system. This method has
also been employed in the majority of existing studies.

Jiang et al. (2022) argued that AER can be decomposed
into production, ecological, and ER, selecting suitable
indicators for an associated indicator system. Zhang
and Hui (2022) defined AER as the agricultural eco-
nomic system’s resistance and recovery capacity, and
constructed an evaluation system from the perspec-
tives of resistance and reconstruction. However, it may
be difficult for the economic system to return to its
original state following an external shock. Therefore,
following the commonly held meaning of resilience,
our study emphasises agricultural systems’ capacity
to adapt and explore new paths in response to the chal-
lenges posed by external environment changes.

Subsequently, referencing existing studies, we con-
structed a novel indicator system that includes three
dimensions of AER: resistance, recovery, and inno-
vation capacities. First, resistance refers to an agri-
cultural economic system’s capacity to overcome the
impact of disasters and emergencies, including three
second-level indicators of economic foundation, pro-
duction conditions, and the ecological environment.
Second, as agricultural economic output is the basis
for the agricultural system reconstruction, recovery
was measured from the perspective of agricultural out-
put to quantify the system’s capacity to recover from
losses rapidly and flexibly (Turner et al. 2003). Finally,
external shocks often generate fundamental changes
in the macro environment, and innovation delineates
the agricultural system’s capacity to pursue self-renew-
al, technological advancement, and path transforma-
tion after experiencing such shocks. Referencing Qiao
et al. (2024), we focused on indicators related to the ru-
ral ecological environment, agricultural infrastructure,
and agricultural output. Considering data availability,
we selected agricultural system consumption and in-
vestment indicators to measure resilience. The specific
indicators are given in Table 1.

Prior to calculating the AER value, it was essential
to verify the reliability of our indicator system. We used
Cronbach’s alpha coeficient to test the reliability. The
formula was as follows:

kr

T g

where: kK — number of indicators; 7 — mean of indica-
tors’ correlation coefficients.

Parameter o ranges between 0 and 1, and we con-
sidered the indicator system to denote reliability when
a > 0.7. Table 2 presents the reliability results using sam-
ple data from 2008 as an example, yielding a reliability
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Table 1. Indicator system for evaluating the agricultural economic resilience

Primar s s Indicator
s Secondary indicators Tertiary indicators .
indicator attributes
value added of the primary industry/employment in the primary industry  positive
. . value added of the agricultural, forestry, animal husbandry, and fishery -
economic foundation . positive
industry/total sown area
intermediate consumption value of the agricultural sector/total sown area  positive
effective irrigated area/total sown area positive
Resistance  production conditions unit sown area total agricultural machinery power positive
area affected by natural disasters/the area of disaster-stricken land. negative
amount of chemical fertilizer used per unit sown area negative
) ) amount of pesticide used per unit sown area; negative
ecological environment ) . ) .
amount of agricultural plastic film used per unit sown area. negative
amount of agricultural diesel used per unit sown area negative
. . expenditure on agriculture, forestry, and water from the public finance positive
economic stability . .\
total fixed asset investment of rural households positive
Recovery growth rate of primary industry GDP positive
economic growth rural residents’ expenditure on daily necessities positive
rural households’ per capita disposable income positive
Innovation technological number of patent applications for agricultural green inventions positive
advancement quantity of agricultural technical personnel positive

Source: Authors’ elaboration.

coefficient of 0.77, which indicates that our indica-
tor system demonstrates good reliability. The R* of the
Friedman test was 89.80, and the P-value was significant
at the 0.01 level, demonstrating the significant differenc-
es between the indicators. Kendall’s coefficient was 0.20
(< 1), demonstrating a weak correlation in regions’ AER,
which allowed us to differentiate diverse regions in the
evaluation system. In summary, the evaluation system
proposed in Table 1 is reasonable and reliable.

Previous research has generally used the entropy
method and factor analysis to weight indicators (Zhang
and Hui 2022; Cui et al. 2023). Conducting an analy-
sis using measurement software (SPSS24) revealed
that the Kaiser-Meyer-Olkin (KMO) test for historical
data was consistently less than 0.6, indicating that our
data were unsuitable for factor analysis. Therefore, ref-

Table 2. Reliability coefficients

Cronbach’s  Cronbach’s alpha Friedman Significance
alpha  under standardisation R? &
0.77 0.79 89.80 0.00

Kendall’s coefficient W = 0.20

Source: Authors’ calculations
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erencing Kizielewicz et al. (2021) and Paradowski et al.
(2021), we used the entropy method to determine the
indicator weights.

Explanatory variable. The explanatory variable was
the level of urbanisation (urban). Existing studies have
predominantly used the proportion of urban household
registration population to the total population as a proxy
indicator (Hu et al. 2020; Li et al. 2020). However, many
studies have found that this indicator does not truly re-
flect the degree of urbanisation (Sun and Zhou 2015).
First, many rural residents are engaged in nonagricul-
tural labour in county towns. Although rural residents
migrate, work, and live in cities, they maintain rural
household registration, which leads to an underestima-
tion of the urbanisation level. Furthermore, the quality
of publicly available household registration data in some
regions is extremely low, with missing or abnormal val-
ues and deviations in statistical calibres among regions,
which makes it impossible to obtain an accurate pro-
portion of the urban household registration population.
Therefore, referencing Wu et al. (2023), we instead used
the proportion of the nonagricultural employed popula-
tion (total employed population minus the population
employed in agriculture) to the total population as the
proxy variable for measuring urbanisation.


https://www.agriculturejournals.cz/web/agricecon/

Agricultural Economics — Czech, 70, 2024 (10): 513-526

Original Paper

https://doi.org/10.17221/207/2024-AGRICECON

Moderating variables. Moderating variables in-
cluded the level of land transfer (turn) and increments
of rural human capital. Referencing Liao et al. (2023),
we used the ratio of the total area of household-con-
tracted farmland circulation to the area of household-
contracted farmland management to measure land
transfer in different regions and periods. Educational
human capital (e/) was represented by the proportion
of local government expenditure on culture, educa-
tion, and entertainment to total spending. Migratory
human capital (m/) was represented by the proportion
of spending on transportation and communication
to total spending.

Control variables. Based on the relevant research
and mathematical model (Huang et al. 2018; Feng
et al. 2019), we selected five control variables that
may influence AER from natural or social perspec-
tives. i) Natural conditions (rain), measured by the
average annual precipitation in each region; ii) Crop
cropping structure (wheat, corn), measured by the
respective proportions of planting area of wheat and
maise to total cultivated area; iii) Electricity infra-
structure (elec), measured by the ratio of total rural
electricity consumption to the rural resident popu-
lation; iv) Density of rural road (road), measured
by the ratio of the sum of the total mileage of rural
roads and village roads to the rural resident popu-
lation; and v) Ecological environment (envir), meas-
ured by the ratio of erosion control area to urban
area (He et al. 2022).

Table 3. Descriptive statistics

Data sources

Considering data availability and completeness,
we examine 30 provincial-level administrative regions
in China’s mainland (excluding Tibet due to incomplete
data) as the research sample, covering 2008—2018. Our
sample selection was based on three considerations.
First, many core data lacked city-level information,
making it impossible to examine them on a smaller
geographic scale. Second, after 2018, the statistical au-
thority of China no longer reported the number of ag-
ricultural technical personnel. Third, the sample peri-
od encompasses the global financial crisis (2008—2009)
and the first year of the comprehensive trial of new-
type urbanisation (2014) (Zhou et al. 2024). In summa-
ry, to ensure data balance and the reliability of results,
the sample period of this study is from 2008 to 2018.

The original data were obtained from the China Sta-
tistical Yearbook (National Bureau of Statistics of China
2009-2019a), the China Rural Statistical Yearbook (Na-
tional Bureau of Statistics of China 2009-2019b), the Chi-
na Transport Statistical Yearbook (Ministry of Transport
of the PRC 2010-2019), the Educational Statistics Year-
book of China (Ministry of Education of the PRC 2009-
2019), the China Compendium of Statistics 1949-2008
(National Bureau of Statistics of China 2010), the Statisti-
cal Annual Report of China’s Rural Operation and Man-
agement (Ministry of Agriculture of the PRC 2009-2019),
the China Statistical Yearbook on Science and Technol-
ogy (National Bureau of Statistics of China and Ministry
of Science and Technology of the PRC 2009-2019), the

Variables Sample size Average value SD Minimum Maximum
AER 330 0.2754 0.0861 0.1223 0.5665
urban 330 0.6427 0.1489 0.2888 0.9703
rain 330 2.1583 0.5062 0.6973 3.1053
corn 330 0.2944 0.2192 0.0044 0.7937
wheat 330 0.1918 0.1753 0.0000 0.5814
envir 330 11.1956 13.4649 0.2003 68.4950
elec 330 0.1875 0.4712 0.0113 3.6577
road 330 3.9952 0.3933 3.0460 5.2265
turn 330 0.2584 0.1649 0.0192 0.8682
eh 330 0.1183 0.0247 0.0722 0.1788
mh 330 0.0918 0.0249 0.0446 0.1483

AER - agricultural economic resilience; urban — urbanisation level; rain — average annual precipitation; corn — propor-
tion of maize planting area; wheat — proportion of wheat planting area; elec — rural electricity consumption; road — rural
road area; envir — proportion of erosion control area to urban area; turn — land transfer; e — educational human capital;

mh — migratory human capital
Source: Authors’ calculations
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China Statistical Yearbook for Regional Economy (Na-
tional Bureau of Statistics of China 2009-2014), China’s
provincial-level statistical yearbooks (2009-2019), and
the web of China National Intellectual Property Admin-
istration (CNIPA 2024). A small number of missing val-
ues were estimared employing a multiple interpolation,
and the natural logarithm of data with larger magnitudes
was used to address dimensions. We also set relevant
economic variables in 2008 as the base period. Table 3
presents the descriptive statistics for each variable.

Table 3 reveals no evident outliers in the sample that
could potentially compromise the reliability of our
estimation results. The standard deviations of the de-
pendent variable (AER) and the core explanatory vari-
able (urban) were smaller than their respective means,
indicating good data stability. Furthermore, the dis-
parity between the maximum and minimum values
of urbanisation level (0.9703 and 0.2888, respectively)
reflected significant differences in urbanisation levels
between different regions in China.

RESULTS AND DISCUSSION

Baseline regression results. We used the two-step sys-
tem GMM method to estimate the benchmark regression
model. Considering the potential bidirectional causality
between urbanisation and AER, we treated urbanization
(urban) as an endogenous explanatory variable in the re-
gression process, and took its second-order lagged terms
as IVs. To address the issue of missing degrees of freedom,
we also used the collapse command to control the number
of IVs. To clearly demonstrate the process of introduc-
ing control variables and their impact on the regression
results, we divided them into natural and social dimen-
sions. The natural dimension included annual average
precipitation (rain), the proportion of maise cultivation
area (corn), and the proportion of wheat cultivation area
(wheat). The social dimension included rural road density
(road), the proportion of soil and water conservation (en-
vir), and electricity infrastructure (elec). The regression
results are presented in Table 4 using a stepwise addition
of control variables. The first column is the results, in-
cluding only the first-order lagged variable of the depend-
ent variable and the core explanatory variable (L.AER and
urban), and the second and third columns show the re-
sults after introducing respective natural and social con-
trol variables.

Table 4 reveals that the P-values for second-order se-
rial correlation were greater than 0.1 and the Sargan
statistics were non-significant, indicating no high-
order serial correlation or overidentification issues.
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Table 4. Benchmark regression

Variables Model (1) Model (2) Model (3)
0.8472%+ 0.8759** 0.8751%*
LAER — (100.13) (98.62) (49.85)

" 0.2110%** 0.1761%* 0.1513**
uroan (14.71) (13.96) (7.05)
in B 0.0008 ~0.0010

(~0.43) (~0.46)
hoat B 0.0187 0.0147
(1.16) (0.75)
o B ~0.0311%* ~0.0208***
(-9.01) (~2.76)
loc B B 0.0080%**
(8.09)
roud B B ~0.0035
(-1.19)
oir B ~ ~0.0001
(~1.49)
~0.0864*** ~0.0630*** ~0.0346
cons
(~10.33) (-5.82) (~1.58)
AR(1) 0.0000 0.0000 0.0000
AR(2) 0.1235 0.1604 0.2049
Sargan 0.9982 0.9980 0.9990

***significance at 1% level; Z-test statistics are in parentheses;
L.AER — one-period lag of agricultural economic resilience;
urban — urbanisation level; rain — average annual precipi-
tation; wheat — proportion of wheat planting area; corn —
proportion of maize planting area; elec — rural electricity
consumption; road — rural road area; envir — proportion
of erosion control area to urban area; cons — constant term;
AR(1) — test for first-order serial correlation of the residual
differences, with P-values reported in the table; AR(2) — test
for second-order serial correlation of the residual differences,
with P-values reported in the table; Sargan — overidentifi-
cation test for the validity of instrumental variables, with
P-values reported in the table

Source: Authors’ calculations

Therefore, the estimation method was reasonable and
the I'Vs were effective. The coefficient for the first-order
lag of AER was significant at the 1% level, indicating
that AER in the previous period had a notable stimu-
lating effect on that of the current period. The results
in column (1) demonstrate that urbanisation had a sig-
nificant positive effect on AER in the absence of control
variables. In columns (2) and (3), we sequentially intro-
duced control variables at natural and social levels. The
results show that the significance level did not change,
although the regression coefficient of urbanisation de-
creased, indicating that the urbanisation process sig-
nificantly promotes AER in China.
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Combined with our theoretical analysis, the potential
explanations are threefold. First, the urbanisation process
promotes the transfer of surplus rural labour to cities,
enhances farmers’ willingness to transfer land, promotes
large-scale agricultural production, and improves agri-
cultural systems’ production efficiency and risk resist-
ance. Second, high-density urban populations require
significant consumption for production and living, which
will have a radiating effect on rural areas, stimulating
the vigorous development of high-profit secondary food
and consumer goods such as meat, fruits, eggs, and dairy
products. This enhances agricultural production poten-
tial and improves the rural industrial structure. Third,
urbanisation promotes a reasonable flow of key factors,
such as information and human resources, between ur-
ban and rural areas, cultivating the innovative capacity
of agricultural production. Therefore, H, is supported.

Mechanism analysis. Our theoretical analysis in-
dicated that land transfer and human capital may
strengthen or weaken the effect of urbanisation on AER.
To examine these moderating effects, we incorporated
the interaction terms of urbanisation and land trans-
fer (urban x turn), urbanisation and educational hu-
man capital (urban x eh), and urbanisation and migra-
tory human capital (urban x mh) into the models, and
we present the regression results in Table 5.

The results in the first column of Table 5 show that the
coefficient of interaction term was significantly positive
at the 1% level and consistent with the sign of urbani-
sation’s regression coefficient. This indicates that land
transfer would strengthen the positive impact of urbani-
sation on AER. The net effect of urbanisation on AER
depends on its own promotion and the promotion of ur-
ban x turn. In the second column of Table 5, the coef-
ficient of the core explanatory variable was significantly
positive, and the coefficient of interaction term was also
significantly positive at the 1% level. This suggests that
increased educational human capital reinforces the in-
fluence of urbanisation on AER. In the third column,
the coefficient of interaction term was significantly
negative at the 1% level, indicating that migratory hu-
man capital weakened the positive effect of urbanisation
on AER. In summary, the empirical results demonstrate
that increased land transfer would strengthen the posi-
tive effect of urbanisation on AER, enhanced educa-
tional human capital would strengthen the promotion
of urbanisation on AER, and increased migratory hu-
man capital would weaken the positive impact on AER.
Therefore, H, and H, are confirmed. Furthermore, the
AR(2) and Sargan test results in Table 5 demonstrate
no higher-order serial correlation in the equation resid-

Original Paper
Table 5. Moderating effects
Variables Model (1) Model (2) Model (3)
0.8304*** 0.8640%** 0.8781***
LAER (31.90) (46.54) (40.61)
urban 0.1241%** 0.1406%** 0.1803***
(6.37) (7.12) (8.13)
urban x turn 0.06057 — -
(2.97)
0.1037**
urban x eh - (2.35) _
-0.2330%**
urban x mh - - (~4.65)
rin ~0.0020 ~0.0019 -0.0012
(-1.15) (-1.21) (~0.47)
wheat 0.0196* 0.0224 0.0128
(1.87) (0.97) (0.76)
corn -0.0307*** -0.0328*** -0.0117
(~4.38) (~3.47) (-1.63)
clec 0.0045%** 0.0081%** 0.0061%**
(12.20) (6.17) (7.21)
road —-0.0080** -0.0049 0.0015
(-2.51) (-1.51) (0.53)
envir -0.0002 -0.0001 -0.0001
(-1.38) (-1.05) (-1.41)
cons 0.0044 -0.0229 -0.0621
(0.24) (~1.08) (~2.86)
AR(1) 0.0001 0.0001 0.0001
AR(2) 0.1410 0.2258 0.4276
Sargan 0.9990 0.9995 0.9993

oA ek
[

significance at 10%, 5% and 1% level, respectively;
Z-test statistics are in parentheses; L. AER — one-period lag
of agricultural economic resilience; urban — urbanisation
level; turn — land transfer level; es — educational human
capital; mh — migratory human capital; rain — average
annual precipitation; wheat — proportion of wheat planting
area; corn — proportion of maize planting area; elec — rural
electricity consumption; road — rural road area; envir —
proportion of erosion control area to urban area; cons —
constant term; AR(1) — test for first-order serial correlation
of the residual differences, with P-values reported in the
table; AR(2) — test for second-order serial correlation of the
residual differences, with P-values reported in the table;
Sargan — overidentification test for the validity of instru-
mental variables, with P-values reported in the table

Source: Authors’ calculations

uals, and the IVs were effective, confirming the validity
of the moderating effect model estimation.

Robustness tests. We used the GMM method in the
baseline regression, which partially alleviated the im-
pact of endogeneity issues. Next, we employed the IV
approach to further address potential endogeneity is-
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sues and re-examine the causal relationship between
AER and urbanisation. Referencing Hu et al. (2020)
and Yang et al. (2024), we used nighttime light (NTL)
as the IV to measure urbanisation for the following
reasons. First, NTL data comprehensively measure
the breadth and intensity of human activity in urban
areas, reflecting the scale of population agglomera-
tion and the extent of urban land expansion (Xu et al.
2021). Therefore, a correlation exists between NTL and
urbanisation. Second, AER is primarily determined
by natural resources and agricultural production tech-
nology; therefore, it is not directly affected by the NTL
intensity. Third, the NTL data used in this study came
from the US National Oceanic and Atmospheric Ad-
ministration’s (NOAA) National Polar-orbiting Part-
nership Visible Infrared Imaging Radiometer Suite
(NPP-VIIRS), which were obtained after undergoing
cross-sensor calibration referencing the NOAA’s US
National Centers for Environmental Information De-
fense Meteorological Satellite Program-Operational
Linescan System (DMSP-OLS) and the Suomi National
Polar-orbiting Partnership (SNPP-VIIRS). These data
overcome discrepancies between data from different
satellites and abnormal fluctuations in the light data
from the same satellite in different years. In conclu-
sion, although the correlation between N'TL intensity
and AER cannot be completely ruled out, it remains
an acceptable IV in the absence of other alternatives.

Using NTL as the IV for urbanisation level, we em-
ployed two-stage least squares (2SLS) to examine the
causal relationship between AER and urbanisation. The
regression results are presented in Table 6. The Kleiber-
gen-Paap Lagrange Multiplier (KP LM) statistic con-
firmed no identification problem in the model, while the
comparison of KP Wald F and Cragg-Donald (CD) Wald
F statistics indicated no weak IV issues. Therefore, the
IV was deemed effective. The coefficient of light in first
stage indicated a significantly positive correlation be-
tween urbanisation level and NTL intensity. The second-
stage results demonstrated that the effect of urbanisation
on AER was consistent with the previous analysis after
introducing the IV, with only subtle differences in coef-
ficients and significance levels. Therefore, the causal re-
lationship between urbanisation and AER remained sig-
nificant after considering endogeneity issues.

We also used three methods to examine the robust-
ness of the baseline results, i.e. remeasuring the level
of urbanisation, reducing the sample size, and lagging
control variables by one period. The estimation results
demonstrated that the results of benchmark regression
and mechanism test were robust. Due to space limita-
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Table 6. Instrumental variable results

Variables (1) IV-2SLS
1.0238***
LAER (66.10)
urban 0.0259**
(2.00)
rain -0.0029
(~1.08)
wheat -0.0047
(=0.77)
corn —0.0144>**
(~2.80)
clec -0.0143
(~2.80)
road -0.0072%**
(-3.79)
envir 0.0002
(0.29)
cons 0.0329%**
(2.56)
, . 0.0777%%*
First stage: light (10.02)
KP LM 42.114
KP Wald F 100.381
CD Wald F 109.056

’

significance at the 5% and 1% levels, respectively;
significance levels are denoted using ¢-statistics (in paren-
theses); [V — instrumental variable; 2SLS — two-stage least
squares; L.AER — a one-period lag of agricultural economic
resilience; urban — urbanization level; rain — average annual
precipitation; wheat — proportion of wheat planting area;
corn — proportion of maize planting area; elec — rural elec-
tricity consumption; road — rural road area; envir — pro-
portion of erosion control area to urban area; cons — con-
stant term; light — nighttime light; KP — Kleibergen-Paap;
LM - Lagrange Multiplier; CD — Cragg-Donald

Source: Authors’ calculations

tions, the specifics of the robustness tests were omitted.
Readers can obtain them from the authors upon request.

Heterogeneity analysis. Considerable differences
in natural resource endowments, economic founda-
tions, and functional divisions of labour mean that
significant regional disparities in urbanisation exist
in China. To ensure national food security, China’s
central government also defines major grain-produc-
ing (MGP) areas and provides special policy support.
To explore regional differentiation of the impact of ur-
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banisation on AER, we further divided the total sample
into MGP and non-MGP areas referencing the Opin-
ions on Reforming and Improving Policies for Com-
prehensive Agricultural Development released by the
Ministry of Finance of the People’s Republic of China
in 2003. MGP areas include Hebei, Inner Mongolia,
Liaoning, Jilin, Heilongjiang, Jiangsu, Anhui, Jiangxi,
Shandong, Henan, Hubei, Hunan, and Sichuan. The
rest of the country is non-MGP areas.

Table 7 reveals that the core variables’ regressions for
MGP and non-MGP areas were significantly positive;
however, the AR(2) value for MGP areas did not pass
the test, rendering the estimated results meaningless.
The driving role of urbanisation on AER was particu-
larly significant in non-MGP areas, yielding a regres-
sion coefficient that exceeded the full sample regression
coefficient in Table 4. The potential rationale for this
is twofold. First, non-MGP areas included four munici-
palities and developed provinces such as Guangdong,
Zhejiang, and Fujian. Agricultural production in these
regions has received strong economic support and
policy assistance (Feng et al. 2019). Moreover, non-
MGP areas predominantly focus on planting economic
crops such as fibers, oilseeds, and sugarcane, making
rural households’ income relatively higher. Therefore,

Table 7. Heterogeneity analysis

Grain-producing areas

Variables - -
major nonmajor
0.8022*** 0.7922%**
L.AER (3.85) (10.77)
nonaeri 0.3657%** 0.5545%*
g (2.97) (2.38)
cons ~0.1971 0.0544
(-0.85) (1.35)
Control variables yes yes
AR(1) 0.0004 0.0190
AR(2) 0.0166 0.1590
Sargan 1.0000 1.0000

ke ek
’

significance levels of 5% and 1%, respectively; Z-test
statistics are in parentheses; L.AER — a one-period lag
of agricultural economic resilience ; nonagri — ratio of non-
agricultural population to total population urbanization;
cons — constant term; AR(1) — test for first-order serial cor-
relation of the residual differences, with P-values reported
in the table; AR(2) — test for second-order serial correla-
tion of the residual differences, with P-values reported
in the table; Sargan — overidentification test for the validity
of instrumental variables, with P-values reported in the table
Source: Authors’ calculations

the large-scale operation brought by urbanisation had
a more obvious role in improving the AER. Second, the
agricultural foundation in non-MGP areas was rela-
tively weak, which may lead to higher marginal ben-
efits from urbanisation and a greater potential increase
in AER. In comparison, although MGP areas possessed
stronger agricultural resources, the innovation capac-
ity in these areas was relatively weaker; therefore, ur-
banisation was not the core factor enhancing AER
in MGP areas, which offset a portion of urbanisation’s
positive effects in the full sample.

CONCLUSION

Urbanisation is an important path for breaking the
limitations of the dual urban-rural system and promot-
ing agricultural modernisation in China’s mainland.
Although urbanisation has a strong influence on pro-
moting AER, existing literature concerning the nexus
between urbanisation and AER is sparse. Using panel
data from 30 provincial-level administrative regions
from 2008 to 2018, we constructed a novel indicator
system that included resistance, resilience, and innova-
tion to measure AER, and used a system GMM model
to investigate the impact of urbanisation on AER and
the moderating influence of land transfer and hetero-
geneous human capital. Our study yielded three nota-
ble findings. First, increased urbanisation contributes
to enhancing the AER. This finding remains robust
following multiple robustness tests and after address-
ing endogeneity with the IV method. Our findings, to-
gether with similar studies (Huang et al. 2018; Cui et al.
2023), support the positive impact of China’s current
macro policies on AER. Second, the influencing mech-
anism analysis confirms that the moderating roles
of land transfer and educational human capital are
significant and can enhance the positive impact of ur-
banisation on AER, while migratory human capital will
weaken this positive effect. This conclusion not only
explains how urbanisation affects AER theoretically
but also serves as a crucial reference for policymak-
ers. Third, the heterogeneity analysis reveals consider-
able regional differences in the impact of urbanisation
on AER, revealing that the promotional effect of ur-
banisation on AER in MGP areas is much greater than
in non-MGP areas.

Admittedly, this study has some limitations. First,
some indicators may not be the most accurate choices.
For example, concerning the indicators for measuring
ecological resistance, the amount of four chemicals
used per unit sown area is an anthropogenic factor that
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may not impersonally describe agricultural systems’
resistance to changes in natural conditions. Second,
the provincial-level data do not precisely characterise
regions’ urbanisation. Particularly, with the deepening
of urbanisation processes, contemporary urbanisa-
tion in China is occurring more in smaller townships
and rural areas. Third, regional data can describe the
overall trends of human capital transfer from a macro
perspective but cannot explain the micro-decisions
of individual actors. Notably, these problems are mainly
attributable to a lack of data availability. Ensuring data
comprehensiveness and balance is achieved at the ex-
pense of geographic scale. Nonetheless, our study adds
new empirical evidence on the urbanization-AER nexus
in developing economies, and provides a base for future
analysis on this topic at a smaller geographical scale.
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