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Abstract

Improving cropland carbon performance while maintaining food security is central to
China’s agricultural transition and climate goals This study examines low-carbon cropland
use performance (PCLU) and its model-implied interprovincial association network across
31 Chinese provinces from 2010 to 2023. A global super-efficiency slacks-based measure
model estimated PCLU by incorporating agricultural output, carbon emissions, nonpoint-
source pollution, and crop sequestration; annual directed networks were constructed with a
modified gravity model and analyzed using social network analysis, a temporal exponential
random graph model (TERGM), and complementary quadratic-assignment analyses. Mean
PCLU increased from 0.524 to 0.861, while the interquartile range widened from 0.146
to 0.310; network density declined before partially recovering as hierarchy increased,
indicating improvement without provincial convergence and reconnection within a more
differentiated multi-hub structure. Persistence (β = 4.510) and reciprocity (β = 2.376)
dominated network evolution, whereas shared partners produced neither additional triadic
closure nor expanding open chains; similarities in urbanization and planting structure
favored ties, while rural-income differences reflected socioeconomic complementarity.
External validation showed moderate overall correspondence with green-technology patent
collaboration (mean annual QAP r = 0.335) but limited overlap among the strongest dyads.
Overall, China’s low-carbon cropland transition combined rising but increasingly uneven
performance with a path-dependent and selective interprovincial structure, providing
an empirical basis for differentiated coordination based on provincial performance and
network position.

Keywords: low-carbon cropland use; land-use performance; model-implied spatial association
network; temporal exponential random graph model; land governance

1. Introduction
Agricultural land systems must increasingly secure food supplies while reducing

emissions and maintaining ecological functions. These outcomes depend on interactions
among biophysical conditions, production systems, institutions, markets, and cross-scale
processes rather than on isolated local decisions [1–6]. Cropland is central to this challenge.
Agricultural inputs and field operations generate carbon emissions, while crop growth
and soil–plant processes contribute to carbon sequestration [7–9]. A low-carbon transition
in cropland use must therefore be considered alongside food security, climate adaptation,
and land degradation. Otherwise, mitigation pursued without a system-wide perspec-
tive may create trade-offs with food production, land demand, or other environmental
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objectives [10–17]. This tension is especially important in China, where carbon-neutrality
goals coexist with strict cropland-protection and grain-security priorities.

Existing research has approached this challenge from both performance-measurement
and relational perspectives. Efficiency studies have progressed from single indicators
to data envelopment analysis, slacks-based measure (SBM) models, global productiv-
ity indices, and super-efficiency models that jointly consider multiple inputs, desirable
outputs, and undesirable outputs [18–21]. Applications to low-carbon cropland use perfor-
mance (PCLU), cultivated-land eco-efficiency, and agricultural eco-efficiency have identi-
fied substantial regional differences associated with urbanization, resource endowments,
production structure, and agricultural modernization [20–25]. Land-system, sustainability-
transition, and network-governance research further emphasizes the importance of cross-
scale interdependence and institutional coordination in sustainability transitions [26–30].
More directly, efficiency studies have already extended beyond province-by-province com-
parisons to spatial association networks. At national and subnational scales, networks have
been constructed for agricultural carbon-emission efficiency, cultivated-land-use ecological
efficiency, agricultural water-use efficiency, low-carbon agricultural total factor productivity,
and agricultural green total factor productivity [31–37]. Using modified gravity models
or VAR–Granger tests together with social network analysis, these studies have identified
non-adjacent associations, central and peripheral nodes, and differentiated block structures.

These studies have substantially advanced efficiency research by treating relational
structure as an object of analysis. However, most construct annual networks and then
describe changes in density, centrality, and block structure. Their driving factors are
commonly examined through QAP regressions based on representative-year or averaged
matrices [31–37]. Such approaches reveal network patterns and the regional attributes
associated with ties, but they do not jointly estimate temporal dependence and endoge-
nous network configurations, including tie persistence, reciprocity, and shared partners.
Dynamic generative models have only recently been introduced into efficiency-network
research. Xu et al. applied a stochastic actor-oriented model (SAOM) to China’s provin-
cial agricultural water-use efficiency network [38], while Zhang et al. used a temporal
exponential random graph model (TERGM) to examine urban land-use efficiency within
the Yangtze River Delta [39]. The remaining gap is therefore not the absence of a network
perspective, but its limited longitudinal application to nationwide low-carbon cropland
use. In particular, little is known about how persistence, endogenous configurations, and
provincial differences jointly shape a national PCLU network that incorporates agricul-
tural production, carbon emissions, nonpoint-source pollution, and crop carbon seques-
tration. In this study, a tie represents a potential association generated by the gravity
model from the PCLU levels and agricultural scales of two provinces under economic–
geographic friction.

Cross-sectional quadratic assignment procedures can account for the dependence
among matrix observations, but they cannot directly represent tie persistence, reciprocity,
or shared-partner configurations. TERGMs address this limitation by modeling the network
at each discrete observation point as a probability distribution conditional on previous
networks and jointly estimating endogenous structural effects and time-varying covari-
ates [40,41]. Alternative dynamic network models embody different assumptions about
how ties change. Separable temporal exponential random graph models (STERGMs)
distinguish tie formation from tie dissolution [42]; SAOMs represent network evolution
as a sequence of actor-initiated micro-adjustments [43]; relational event models require
time-stamped interaction-event data [44]; and dynamic latent-space models primarily char-
acterize changes in unobserved node positions or group structures [45]. In this study, the
annual interprovincial networks are reconstructed consistently from provincial attributes at
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discrete time points rather than derived from continuous actor decisions or time-stamped
interaction events. The discrete-time, whole-network framework of the TERGM is there-
fore better aligned with the structure of the data and the objective of examining temporal
network dependence [46,47].

Against this background, this study examines PCLU and its model-implied inter-
provincial association network across 31 Chinese provinces from 2010 to 2023. It addresses
three questions: (1) How did PCLU change under the joint demands of food security
and carbon mitigation? (2) How did the network evolve, and which groups of provinces
occupied net-spillover, broker, bidirectional-spillover, or net-beneficiary structural blocks?
(3) How were tie persistence, reciprocity, shared partners, and non-geographic provincial
differences conditionally associated with tie formation? We first estimate PCLU using a
global super-efficiency SBM model and then employ a modified gravity model to con-
struct annual directed networks. Social network analysis is used to describe network
topology and provincial structural positions. A TERGM evaluates longitudinal depen-
dence and endogenous network configurations, while distance-excluded MRQAP models
provide complementary cross-sectional checks for selected years. External validity is as-
sessed by comparing the symmetrized gravity network with observed interprovincial
green-technology patent collaboration.

This study extends existing research in three respects. First, it constructs a nation-
wide cropland-performance network that incorporates carbon emissions and crop carbon
sequestration. Second, it advances the analysis from descriptive network mapping to
the longitudinal modeling of network persistence and endogenous dependence. Third, it
identifies provincial structural positions and provides partial external validation against
observed interprovincial green-technology patent collaboration while maintaining a clear
distinction between model-implied associations and verified cooperation.

2. Materials and Methods
2.1. Study Area

The study covers 31 provincial-level administrative units in mainland China from
2010 to 2023 (Figure 1). Hong Kong, Macao, and Taiwan are shown for cartographic com-
pleteness but excluded from the analysis because of differences in statistical systems and
data availability. The study area is divided into seven broad agricultural regions with
substantial variation in climate, topography, water availability, and cropland endowment.
Agricultural systems range from large-scale mechanized grain production in Northeast
China and irrigated wheat-maize rotations in the Huang-Huai-Hai region to rice-based
intensive cultivation in the middle and lower Yangtze region and South China. Moun-
tainous and fragmented cropland characterizes Southwest China, irrigation is essential
in the arid Northwest, and the Qinghai–Tibet Plateau has a short growing season and
limited cropland. Figure 1 summarizes these differences and identifies the 13 major grain-
producing provinces.

These regional contrasts affect PCLU through differences in production scale, cropping
intensity, irrigation dependence, mechanization, and material inputs, which shape agricul-
tural output, carbon emissions, nonpoint-source pollution, and crop carbon sequestration.
They also provide the basis for selecting the provincial characteristics examined in the
network analysis, including cropland endowment, irrigation, planting structure, multiple
cropping, rural income, and urbanization. The provincial scale offers consistent statisti-
cal and policy units for national comparison, although it cannot capture heterogeneity
within provinces.
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Figure 1. Study area and agricultural context. (a) Seven agricultural regions and 31 provincial-level
units; hatching marks the 13 major grain-producing provinces. (b) Crop-sown area, (c) multiple-
cropping index, and (d) irrigation index in 2023. Hong Kong, Macao, and Taiwan are displayed
for cartographic completeness but excluded from the analysis. Base map: Tianditu (GS(2024)0650);
projection: WGS 1984 UTM Zone 49N. Values above 1 in (c) and (d) reflect differences between
activity and cropland-area statistics.

2.2. Data Sources

The period 2010–2023 captures sustained changes in cropland use and China’s recent
shift toward low-carbon agriculture. We compiled socioeconomic, agricultural production,
resource input, and energy consumption data from national and provincial statistical
yearbooks and provincial statistical bulletins. The variables shown in Figure 1 come from
the same sources: crop-sown area and effective irrigated area from agricultural statistics,
and cropland area from the national land survey. Administrative boundaries came from
the National Platform for Common Geospatial Information Services (Tianditu; Map Review
Number GS(2024)0650). Monetary variables used to measure performance were converted
to constant 2010 prices where applicable. For external validation, we used annual province-
pair data from the China National Intellectual Property Administration (CNIPA), reporting
counts of jointly applied green-technology patents from 2010 to 2023. The data distinguish
total applications, invention patents, and utility-model applications.

The analysis proceeds in five steps. First, we estimate agricultural carbon emissions
and crop carbon sequestration for the environmental component of the indicator system.
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Second, a global super-efficiency SBM model measures PCLU while accounting for unde-
sirable outputs. Third, a modified gravity model converts provincial scores into annual
directed networks. Fourth, social network analysis describes network structure and struc-
tural positions, and TERGM and MRQAP models assess the conditions associated with
modeled tie formation. Fifth, observed interprovincial green-technology patent collabora-
tion is used to evaluate the convergent validity of the model-implied network.

2.3. Indicator System
2.3.1. Input-Output Indicators for PCLU Measurement

PCLU measures how effectively a region produces agricultural value, grain, and crop
carbon sequestration while limiting resource use and environmental pressure. The model
includes land, labor, and material inputs; desirable economic, social, and environmental
outputs; and two undesirable outputs, carbon emissions and nonpoint-source pollution.
Following earlier work on cropland efficiency and agricultural carbon accounting [48],
Table 1 organizes the indicators into these three groups. This structure allows the SBM
model to treat environmental pressure as a by-product of production rather than as a
separate descriptive measure.

Table 1. Input–output indicator system for measuring low-carbon cropland use performance.

Primary Indicator. Secondary Indicator Variable and Description Abbreviation

Production input

Land Crop-sown area (103 ha) X1

Labor

Agricultural labor: employment
in agriculture, forestry, animal

husbandry, and
fishery × agriculture’s share of
total output from these sectors

(10,000 persons)

X2

Material input Fertilizer application, pure
amount (10,000 t) X3

Material input Agricultural plastic film use (t) X4

Material input Effective irrigated area (103 ha) X5

Material input Total power of agricultural
machinery (10,000 kW) X6

Desirable output

Economic output
Total agricultural output value,
deflated to 2010 constant prices

(100 million yuan)
Y1

Social output Total grain output (10,000 t) Y2

Environmental output Carbon sequestration from
cropland (10,000 t) Y3

Undesirable output

Carbon-emission output Total carbon emissions from
cropland use (10,000 t) Z1

Pollutant output

Total losses of fertilizer
nitrogen/phosphorus,

pesticides, and agricultural
plastic film (10,000 t)

Z2

Land input is measured by crop-sown area. We estimate labor input by multiplying
employment in agriculture, forestry, animal husbandry, and fishery by agriculture’s share
of their combined output. Material inputs include machinery power, fertilizer, effective

https://doi.org/10.3390/land15081491

https://doi.org/10.3390/land15081491


Land 2026, 15, 1491 6 of 26

irrigated area, and agricultural plastic film. Desirable outputs are total agricultural output
value, grain output, and estimated crop carbon sequestration. Undesirable outputs are
agricultural carbon emissions and estimated losses of fertilizer, pesticides, and plastic film.

2.3.2. Factors Associated with Network Formation

We examine six provincial characteristics that may be related to the modeled PCLU
ties (Table 2). Per capita cropland and the irrigation index represent the agricultural
resource base. Planting structure and multiple cropping describe how cropland is used. Ru-
ral income and urbanization capture socioeconomic differences that may covary with
technology-adoption capacity, service availability, and governance conditions. Each
variable is converted into an annual matrix of absolute differences between provinces.
Geographic distance is not included as an explanatory variable because the modified
gravity model already uses economic–geographic distance to construct the network. In-
cluding it again would blur the distinction between constructing and explaining the
dependent network.

Table 2. Non-geographic dyadic variables used in the TERGM and complementary MRQAP analyses.

Dimension Indicator Variable and Description Code

Resource endowment Per capita cropland Cropland area/rural population Z
Production conditions Irrigation index Effective irrigated area/cropland area P
Production conditions Planting structure Grain sown area/total crop sown area S
Production conditions Multiple-cropping index Crop sown area/cropland area L

Socioeconomic conditions Rural income Natural logarithm of rural per capita
disposable income E

Socioeconomic conditions Urbanization Urban population/total population U

2.4. Research Methods
2.4.1. Carbon Emission and Sequestration Measurement

Cropland use both emits and removes carbon. Fertilizer, pesticides, agricultural plastic
film, diesel, irrigation, and tillage generate emissions, whereas crop growth and biomass
accumulation sequester carbon. Following established agricultural carbon-accounting
methods [7,8], we calculate emissions and sequestration for each province as follows:

Cei = ∑ Pj·δj (1)

Csi = ∑
Yc·δc·(1 − Wc)

Hc
(2)

In Equations (1) and (2), CE_i is total carbon emissions in province i (t). P_j is the
amount or activity level of source j, and delta_j is its emission coefficient. The sources
include fertilizer, pesticides, agricultural plastic film, diesel, irrigation, and tillage. CS_i is
total crop carbon sequestration in province i (t). For crop c, Y_c is economic yield, delta_c is
the carbon absorption rate, W_c is moisture content, and H_c is the economic coefficient.
Table 3 reports the crop-specific parameters.

Table 3. Parameters for estimating carbon sequestration of major crops.

Crop Economic Coefficient (Hc) Moisture Content (%) Carbon Absorption Rate (δc)

Rice 0.45 12 0.414
Wheat 0.40 12 0.485
Maize 0.40 13 0.471
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Table 3. Cont.

Crop Economic Coefficient (Hc) Moisture Content (%) Carbon Absorption Rate (δc)

Millet 0.42 12 0.450
Sorghum 0.35 12 0.450

Beans (total) 0.34 13 0.450
Tubers 0.70 70 0.423
Peanut 0.43 10 0.450

Rapeseed 0.25 10 0.450
Sunflower seed 0.30 10 0.450

Cotton 0.10 8 0.450
Sugarcane 0.50 50 0.450
Sugar beet 0.70 75 0.407

Tobacco 0.55 85 0.450
Vegetables 0.60 90 0.450

2.4.2. Global Super-Efficiency SBM Model

We estimate PCLU with a super-efficiency slacks-based measure (SBM) model [18,49,50].
The model accounts for non-radial input and output slacks, includes undesirable outputs,
and ranks efficient decision-making units (DMUs). To make scores comparable over time, we
pool all province-year observations in a single global production frontier [19]. Under constant
returns to scale, PCLU for province k in year t is defined as follows:

ρG,t
k = min

1 +
1
m ∑m

i=1
st

ik
xt

ik

1 − 1
s1 + s2

∑s1
r=1

sd,t
rk

yd,t
rk

+ ∑s2
q=1

sb,t
qk

yb,t
qk

 (3)

s.t



xt
k −

N
∑

j=1,j ̸=k
if τ = t

T
∑
τ=1

λτj xτj + st
k ≥ 0

N
∑

j=1,j ̸=k
if τ = t

T
∑
τ=1

λτj yg,τ
j − yg,t

k + sg,t
k ≥ 0

yb,t
k −

N
∑

j=1,j ̸=k
if τ = t

T
∑
τ=1

λτj yb,τ
j + sb,t

k ≥ 0

1 − 1
s1 + s2

 s1
∑

r=1

xd,t
rk

yd,t
rk

+
s2
∑

q=1

sb,t
qk

yb,t
qk

 ≥ ε

λτj ≥ 0, st
k ≥ 0, sg,t

k ≥ 0, sb,t
k ≥ 0

(4)

In Equations (3) and (4), rho_{kt}ˆ{GSE} is the global super-efficiency PCLU score for
province k in year t. The vectors x, yˆg, and yˆb denote inputs, desirable outputs, and
undesirable outputs; sˆ−, sˆ+, and sˆ{b−} are their slack vectors. The intensity vector
lambda_{j tau} places province-year observations on the global production frontier. The
evaluated observation (k,t) is excluded from its own reference set so that efficient DMUs
can be ranked.

2.4.3. Modified Gravity Model

We use a modified gravity model to translate provincial PCLU scores into potential
interprovincial spatial associations [51,52]. Operationally, an association is the relative
propensity for a province pair to be linked given their joint PCLU, agricultural scale, and
economic–geographic friction. It is a model-implied proximity measure, not an observed
record of cooperation, technology transfer, knowledge exchange, or policy coordination.
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Gravity models represent interaction as increasing with the scale of the two regions and
decreasing with distance [51,52]. Here, modeled association strength increases with agricul-
tural scale and PCLU in both provinces and decreases with economic–geographic distance:

Rij = Kij ·
3
√

GiPiEi · 3
√

GjPjEj

D2
ij

(5)

Kij =
Ei

Ei + Ej
, D2

ij=

(
dij

gi − gj

)2

(6)

In Equations (5) and (6), R_ij is the directed model-implied association from province i
to province j, and K_ij is the directional contribution coefficient. E_i and E_j are the two
PCLU scores. G and P denote agricultural output value and the agricultural labor force.
Economic–geographic distance D_ij combines the geodesic distance d_ij between provincial
capitals with per capita agricultural output g. We convert the continuous matrix into a
binary network using the mean of each row. A tie from i to j equals 1 when R_ij exceeds
the mean association generated for province i, and 0 otherwise. This province-specific rule
retains direction without imposing one national cutoff. It identifies associations that are
strong relative to each sender’s modeled profile.

2.4.4. Social Network Analysis (SNA)

In the PCLU network, provinces are nodes and directed model-implied associations
are ties [53]. At the network level, density measures the share of possible modeled ties that
are present. Hierarchy describes asymmetric dependence, and efficiency indicates how
far the network avoids redundant connections. At the node level, normalized out-degree
centrality measures the breadth of outgoing modeled ties, closeness centrality measures ac-
cessibility, and betweenness centrality identifies structural brokerage positions. We identify
structurally similar groups with the CONCOR algorithm in UCINET, using a maximum
split depth of 2 [54]. Following established block-modeling practice in spatial association
network research [55,56], block roles are identified jointly from three indicators: the num-
ber of external outgoing ties, the number of external incoming ties, and the comparison
between the actual and expected proportions of within-block ties. The combined relational
profiles distinguish net-spillover, broker, bidirectional-spillover, and net-beneficiary blocks.
These labels describe the relative structural functions of different blocks within the PCLU
association network. The actual proportion is the number of within-block ties divided by
all ties sent by that block. The expected proportion is (n_k − 1)/(N − 1), where n_k is block
size and N is the number of provinces.

2.4.5. Temporal Exponential Random Graph Model and Complementary MRQAP

The TERGM uses the 14 annual directed networks from 2010 to 2023 and models the
network in year t conditional on the previous network and current dyadic covariates [41].
TERGM is selected because the estimand is a whole-network tie probability conditional on
prior network structure. By contrast, SAOM assumes that actors make sequential micro-
changes to their outgoing ties between observation waves [43], an actor-level choice process
that is not observed for gravity-reconstructed provincial ties. MRQAP does not supply this
longitudinal dependence model and is therefore retained only as a cross-sectional check.
The TERGM specification includes edges, reciprocity, geometrically weighted edgewise
shared partners (GWESP), geometrically weighted dyadwise shared partners (GWDSP),
first-order tie persistence, and six time-varying covariates. GWESP and GWDSP use
outgoing two-paths and a fixed decay of 0.5. GWESP captures closed outgoing two-paths
among tied province pairs and therefore tests residual triadic closure, whereas GWDSP
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captures shared outgoing partners across dyads and tests the prevalence of open shared-
partner configurations. These terms distinguish baseline sparsity, reciprocal ties, closed
and open shared-partner structures, and persistence. All coefficients are interpreted as
conditional log-odds associations rather than causal effects.

Pr(Yt = yt|Yt−1, Xt) ∝ exp
{

θTs(yt, Yt−1, Xt)
}

(7)

In Equation (7), Y_t is the directed network in year t, X_t contains the six annual
difference matrices, and s(·) contains the endogenous and exogenous network statistics.
Each covariate is |x_it − x_jt| and is standardized using the pooled off-diagonal mean and
standard deviation across all years. Rural income is log-transformed before the difference
is calculated. We estimate the model by bootstrapped maximum pseudolikelihood with
1000 replications. For each of the 13 annual transitions, 100 simulated networks are com-
pared with the observed density, reciprocity, and mean number of outgoing two-path
shared partners. We also estimate Double Dekker semi-partialling MRQAP models for
2010, 2015, 2020, and 2023 with 2000 permutations [57]. The directed network is sym-
metrized only for this cross-sectional analysis. Geographic distance is excluded from both
sets of explanatory variables.

2.4.6. Robustness Checks

We use four checks to test whether the findings are sensitive to network construction,
centrality measurement, temporal specification, or the provincial sample. First, we compare
the row-mean threshold with a global mean and with rules that retain the strongest 30%
and 20% of ties. We compare density, connectedness, hierarchy, efficiency, and overlap
among leading nodes. Second, we retain the continuous gravity scores and compare binary
total degree with weighted total strength using rank correlations and leading-node overlap.

Third, we compare several TERGM specifications: a temporal-covariate model, a
reciprocity model, the selected GWESP-GWDSP model, and models with additional in-
degree and out-degree heterogeneity. We evaluate them using the area under the receiver
operating characteristic curve (AUC), average precision, Brier score, log loss, parsimony,
and simulation-based fit. Fourth, we re-estimate the distance-excluded MRQAP models
after removing Beijing, Tianjin, Shanghai, and Chongqing. We compare coefficient direc-
tions, permutation p values, and fit between the 31-province and 27-province samples. The
Supplementary Materials provide the full results.

We prepared the networks, ran robustness checks, and produced figures in Python
3.12 with pandas, NumPy, SciPy, NetworkX, GeoPandas, and Matplotlib. TERGM and
MRQAP models were estimated in R 4.4 with btergm and asnipe, respectively. Spatial
figures use WGS 1984 UTM Zone 49N where appropriate. The Supplementary Materials
retain processed matrices, scripts, bootstrap estimates, simulation summaries, and source
data for the figures.

2.4.7. External Validation of the Model-Implied Network

Because the gravity network is model-implied rather than observed, we assessed
its convergent validity against an independent province-pair record of interprovincial
green-technology patent collaboration. The CNIPA dataset reports annual counts of jointly
applied green-technology patents from 2010 to 2023 and distinguishes total applications,
invention patents, and utility-model applications. Hong Kong, Macao, and Taiwan were
excluded to match the 31-province sample, and diagonal values were set to zero. Because
patent collaboration is symmetric, the annual gravity intensity was symmetrized as (Rij
+ Rji)/2. Total collaborative patent applications were used as the primary measure, and
invention-patent collaboration provided a stricter robustness measure.
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We used two complementary layers of validation. First, annual QAP Spearman corre-
lations with 2000 node-label permutations assessed dyadic rank correspondence between
the symmetrized gravity and patent-collaboration matrices [57,58]. We also calculated the
Jaccard overlap of the top-decile ties, the area under the receiver operating characteristic
curve (AUC) for distinguishing province pairs with and without patent collaboration, and
the Spearman correlation between provincial gravity strength and total collaboration vol-
ume. Second, a double-semi-partialling MRQAP regressed log-transformed collaboration
counts, log(1 + count), on the logged gravity matrix while controlling for agricultural scale
and logged geographic distance, again using 2000 permutations [57]. This stricter test asks
whether the gravity matrix corresponds to the observed collaboration beyond two major
components embedded in its construction. These procedures test correspondence rather
than equivalence: patent collaboration records green-innovation interaction and is not a
direct measure of agricultural extension, technology transactions, or policy coordination.

3. Results
3.1. PCLU Measurement and Spatiotemporal Evolution

The global super-efficiency SBM results indicate that China’s provincial PCLU re-
mained below the efficiency frontier for most of the study period. The national mean
was 0.633 during 2010–2023, suggesting substantial scope for improving the conversion
of agricultural inputs into desirable outputs while reducing carbon emissions and other
environmental pressures (Figure 2). Its temporal evolution can be divided into two stages.
From 2010 to 2016, the mean increased moderately from 0.524 to 0.583, and provincial
values remained concentrated at relatively low levels. This pattern indicates that low PCLU
was a broadly shared constraint across provinces rather than a problem confined to a small
number of lagging regions.

Figure 2. Annual trend and interprovincial dispersion of low-carbon cropland use performance in
China, 2010–2023.

A more pronounced improvement occurred after 2017. The national mean rose from
0.600 in 2017 to 0.861 in 2023, accompanied by a rightward shift and flattening of the
distribution (Figure 3). However, the interquartile range widened from 0.146 to 0.310.
The later period was therefore characterized by an upward shift without corresponding
convergence: more provinces moved toward higher PCLU levels, but the pace and extent
of improvement became increasingly uneven. This divergence may reflect differences in
agricultural modernization, production structure, resource constraints, and the capacity to
reduce material inputs and environmental pressures while maintaining agricultural output.
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Figure 3. Kernel density distributions of low-carbon cropland use performance in selected years.

The spatial distribution further demonstrates that agricultural production scale does
not directly translate into high PCLU (Figure 4). High-performing provinces were concen-
trated primarily in parts of Northwest and Northeast China, including Xinjiang, Qinghai,
and Heilongjiang, whereas several major agricultural provinces in central and eastern
China, such as Henan, Hebei, and Shandong, remained at medium or relatively low levels.
This contrast reflects the multidimensional nature of PCLU: provinces are evaluated not
only by agricultural output, but also by the balance among resource inputs, carbon emis-
sions, pollution pressures, and carbon sequestration. Intensive grain-producing regions
may consequently face greater difficulty in improving PCLU when output growth remains
dependent on fertilizers, machinery, irrigation, and other carbon-intensive inputs.

Figure 4. Spatiotemporal distribution of low-carbon cropland use performance in China, 2010–2023.
Note: Class intervals are fixed across years.
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Although the number of high-PCLU provinces increased and the spatial extent of
low-performing areas contracted, relative disadvantages persisted in parts of central China.
The results therefore reveal simultaneous national improvement and regional differenti-
ation. This widening dispersion raises a further relational question: whether provinces
with different PCLU levels remain broadly interconnected or become organized around
increasingly selective ties and differentiated structural roles.

3.2. Spatial Association Network Analysis

The widening provincial dispersion in PCLU raises the question of how provinces
with different performance levels are organized within the national network. This section
examines the issue from three complementary dimensions: overall network evolution,
changes in provincial centrality, and block-level structural differentiation.

3.2.1. Overall Network Structure and Evolution

The gravity model produced a fully connected yet increasingly selective national
PCLU network (Figure 5). Connectedness remained 1.00 throughout 2010–2023, indicating
that no province became isolated from the national association system. Network density
nevertheless declined from 0.2935 in 2010, corresponding to 273 ties, to 0.2452 in 2017,
corresponding to 228 ties, before recovering to 0.2720 in 2023, with 253 ties. The coexistence
of complete reachability and declining density indicates selective contraction rather than
network fragmentation: all provinces remained connected, but increasingly through fewer
direct ties. Since density and tie count in 2023 remained below their 2010 levels, the post-
2017 increase represents partial reconnection rather than continuous network expansion.

Figure 5. Evolution of overall indicators in the PCLU spatial association network, 2010–2023. Note:
Density and total ties describe connection intensity; hierarchy and efficiency describe structural
differentiation and redundancy reduction, respectively. Light background shading marks the density-
contraction period (2010–2017) and the partial-reconnection period (2018–2023).

Network hierarchy increased from 0.0645 in 2010 to 0.2381 in 2023, with a pronounced
peak in 2016. Meanwhile, network efficiency rose from 0.6069 in 2010 to 0.6851 in 2017
and subsequently declined to 0.6414 in 2023. These trends reveal a two-stage structural
reorganization. During the contraction stage, fewer ties coincided with lower relational
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redundancy and stronger hierarchical differentiation. Subsequent reconnection did not
restore the earlier, more broadly distributed structure: hierarchy remained well above its
initial level, while efficiency retained part of its earlier increase. The network therefore
recovered within a more stratified architecture, with connectivity increasingly concentrated
in selected provinces and interprovincial corridors.

3.2.2. Individual Node Centrality Analysis

Provincial positions within the network changed substantially between 2010 and 2023
(Table 4). Zhejiang and Fujian recorded the largest increases in both normalized out-degree
and closeness centrality and ranked among the most central provinces in 2023. Shaanxi
also experienced a marked increase, indicating the emergence of a stronger inland hub.
In contrast, Shanghai, Beijing, and Liaoning showed pronounced declines in normalized
out-degree or closeness centrality. These changes suggest that network advantages were
progressively redistributed from several traditional eastern centers toward a broader set of
coastal and inland provinces. Full province-level results are reported in Table S4.

Table 4. Summary of key node centrality changes in the PCLU spatial association network.

Metric Leading Provinces
in 2023

Largest Increases,
2010–2023

Largest Declines,
2010–2023 Interpretation

Normalized
out-degree centrality

(ODC)

Zhejiang (93.33);
Fujian (83.33);

Shaanxi (66.67);
Shandong (60.00)

Zhejiang (50.00 to
93.33, +43.33); Fujian

(50.00 to 83.33,
+33.33); Shaanxi
(43.33 to 66.67,

+23.34)

Shanghai (83.33 to
16.67, −66.66);

Beijing (46.67 to
13.33, −33.34);

Liaoning (50.00 to
23.33, −26.67)

Connectivity breadth

Closeness centrality
(CC)

Zhejiang (93.75);
Fujian (85.71);

Shaanxi (75.00);
Shandong (71.43)

Zhejiang (66.67 to
93.75, +27.08); Fujian

(65.22 to 85.71,
+20.49); Shaanxi
(62.50 to 75.00,

+12.50)

Shanghai (85.71 to
54.55, −31.16);

Jiangsu (81.08 to
69.77, −11.31);

Liaoning (66.67 to
56.60, −10.07)

Network
accessibility

Betweenness
centrality (BC)

Tianjin (15.14); Fujian
(12.65); Shaanxi

(10.41); Shandong
(7.40)

Tianjin (1.05 to 15.14,
+14.09); Zhejiang

(1.21 to 6.92, +5.71);
Fujian (7.52 to 12.65,

+5.13)

Hubei (9.04 to 1.24,
−7.80); Liaoning

(13.89 to 6.65, −7.24);
Gansu (11.73 to 4.70,

−7.03)

Brokerage/
intermediary

position

Centrality is relational and therefore reflects a province’s position relative to changes
elsewhere in the network. The rise of Zhejiang and Fujian may be associated with the joint
effects of their improving PCLU, agricultural scale, and favorable economic–geographic
position within the gravity specification, which enabled them to establish associations with
a wider range of provinces. Shaanxi’s increasing centrality may additionally reflect its
position between eastern, central, and western agricultural systems, allowing it to connect
otherwise separated parts of the network. Conversely, the declining centrality of Beijing
and Shanghai is consistent with the relative contraction of agriculture in highly urbanized
economies, while Liaoning’s decline may reflect slower relative improvement compared
with the provinces whose network positions strengthened.

Betweenness centrality reveals a different dimension of structural influence. Tianjin,
Fujian, and Shaanxi occupied prominent bridging positions in 2023, even though they did
not always have the largest number of direct ties. Their importance therefore arose from
connecting different parts of the network rather than simply accumulating relationships.

https://doi.org/10.3390/land15081491

https://doi.org/10.3390/land15081491


Land 2026, 15, 1491 14 of 26

Taken together, the three centrality measures indicate that the network was not reorganized
around a single dominant coastal core. Instead, it developed a multi-hub structure in which
several provinces performed complementary functions as highly connected centers, inland
junctions, or cross-regional intermediaries.

3.2.3. Block Modeling

Block modeling reveals relational differentiation without network fragmentation.
CONCOR divided the 2023 network into four structurally equivalent blocks (Table 5), but
only 54 of the 253 directed ties occurred within blocks, whereas 199 ties crossed block
boundaries. The 78.7% interblock share indicates that national connectivity depended
primarily on relationships among provinces occupying different structural positions. Block
membership therefore does not represent geographically closed clusters. Instead, provinces
are grouped according to similar patterns of sending and receiving ties, while the overall
network is sustained by cross-block complementarity.

Table 5. Structural block roles and relation profiles in the model-implied PCLU association network
in 2023.

Block Structural Role Provinces
External

Outgoing/
Incoming Ties

Actual/Expected
Internal-Tie
Proportion

Main Linkage
Pattern

Conditional
Policy

Implication

Block 1 Net-spillover
role

Beijing;
Shanghai;

Xinjiang; Jilin;
Inner Mongolia;

Liaoning;
Ningxia;

Heilongjiang;
Henan;

Qinghai;
Shandong

81/29 12.90%/33.33%
More outgoing
than incoming

external ties

Candidate hosts
for

demonstration
platforms, subject

to observed
capacity and

cooperation data.

Block 2 Broker role Shanxi; Hebei;
Tianjin; Gansu 20/34 28.57%/10.00%

Strong internal
cohesion

combined with
cross-block

relations

Candidate
coordinators for
paired extension
teams and joint
trials, subject to

external
validation.

Block 3 Bidirectional-
spillover role

Anhui; Hunan;
Hainan;

Guangdong;
Jiangsu; Hubei;

Chongqing;
Guangxi;
Jiangxi

41/48 32.79%/26.67%

Outgoing and
incoming

external ties are
broadly

balanced

Candidate sites
for reciprocal

pilots and shared
monitoring,
subject to

verification.

Block 4 Net-beneficiary
role

Zhejiang;
Yunnan;

Shaanxi; Fujian;
Tibet; Sichuan;

Guizhou

57/88 19.72%/20.00%
More incoming
than outgoing
external ties

Candidate
priorities for

extension,
finance, and

locally adapted
support, subject

to needs
assessment.

Note: External outgoing and incoming ties exclude within-block ties. The actual internal-tie propor-
tion equals within-block ties divided by all outgoing ties from that block. The expected proportion is
(n_k − 1)/(N − 1). Role labels follow the joint pattern of outgoing and incoming ties and the actual
and expected internal-tie proportions [55,56].
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The four blocks performed distinct but interdependent structural functions. Block
1 was strongly outward-oriented, with 81 external outgoing ties and only 29 incoming
ties, while its proportion of internal ties was substantially below the expected level. Its
geographically dispersed provinces were therefore linked more strongly to other blocks
than to one another. Block 2 combined an internal-tie proportion nearly three times
its expected value with extensive cross-block connections, forming a relatively cohesive
intermediary channel. Block 3 exhibited the most balanced external relations and above-
expected internal cohesion, enabling it to connect with other blocks while maintaining a
comparatively stable internal structure. Block 4 received substantially more external ties
than it sent, while its internal concentration remained close to the expected level, indicating
that its structural position was shaped primarily by extensive connections received from
other blocks. Figure 6 visualizes these differentiated block roles within the weighted
provincial network.

Figure 6. Weighted provincial PCLU association network and structural block roles in 2023.

These block roles do not constitute a ranking of provincial performance. Block 4, for
example, included both highly connected provinces such as Fujian and Zhejiang and a
weakly connected province such as Tibet. Its total degree ranged from 10 to 37, while
PCLU ranged from 0.567 to 1.020. Such internal variation demonstrates that block roles
describe the aggregate direction and concentration of relationships, whereas centrality
and PCLU identify the structural position and performance of individual provinces. Read
together, the results reveal a multi-layered and multi-hub national structure composed of
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outward-oriented, cohesive-intermediary, reciprocally connected, and externally receptive
blocks, rather than a simple coastal–inland or high–low performance hierarchy.

3.3. Factors Associated with Network Formation
3.3.1. Temporal Exponential Random Graph Model Results

The selected TERGM showed strong discriminatory performance (AUC = 0.977; aver-
age precision = 0.951; Brier score = 0.042) and reproduced most observed network statistics.
Its central finding is pronounced temporal dependence. Tie persistence was the strongest
structural effect (β = 4.510; odds ratio = 90.967), followed by reciprocity (β = 2.376; odds
ratio = 10.761). Thus, current ties were strongly conditioned by both previous and reverse-
direction ties. The persistence effect is consistent with gradual changes in PCLU and
agricultural scale, while stable agricultural programs and production-service patterns pro-
vide plausible institutional context. Reciprocity indicates that a modeled tie was more
likely when the reverse-direction tie was also present (Table 6 and Table S5; Figure S4).

Table 6. TERGM estimates for the PCLU spatial association network, 2010–2023.

Term Estimate 95% Bootstrap CI Odds Ratio Interpretation

Edges (baseline) −2.217 [−2.599, −1.907] 0.109 Supported; sparse
baseline

Reciprocity 2.376 [1.939, 2.704] 10.761 Supported; reciprocal
dependence

Closed two-paths
(GWESP) 0.076 [−0.032, 0.152] 1.079 Not independently

supported
Open/shared two-paths

(GWDSP) −0.393 [−0.444, −0.355] 0.675 Supported structural
control

Tie persistence 4.510 [3.708, 5.533] 90.967 Supported; strong path
dependence

Urbanization difference −0.372 [−0.519, −0.260] 0.689 Supported; similarity
association

Multiple-cropping
difference −0.088 [−0.162, 0.011] 0.916 Uncertain

Irrigation difference 0.209 [−0.038, 0.453] 1.232 Uncertain
Per capita cropland

difference 0.008 [−0.114, 0.108] 1.008 Uncertain

Rural-income difference 0.294 [0.106, 0.465] 1.342 Supported; positive
gradient

Planting-structure
difference −0.164 [−0.264, −0.068] 0.849 Supported; similarity

association

Note: Coefficients are conditional log-odds estimates. Confidence intervals are based on 1000 bootstrap
replications. Dyadic covariates are pooled-standardized absolute differences; supported terms have
95% intervals that exclude zero.

Higher-order network dependence was comparatively limited. GWESP was not
independently supported (β = 0.076; 95% CI: −0.032 to 0.152), indicating no additional
tendency toward triadic closure among provinces sharing outgoing partners. GWDSP
was significantly negative (β = −0.393; odds ratio = 0.675), showing that open shared-
partner configurations occurred less frequently after persistence, reciprocity, and other
terms were controlled. Common partners therefore neither systematically closed triangles
nor generated expanding open chains. This result indicates that the network was organized
mainly around persistent reciprocal dyads and selected interprovincial corridors rather
than generalized cluster-based expansion.
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Different provincial characteristics displayed distinct association patterns. Urbaniza-
tion and planting-structure differences were negatively associated with ties, suggesting that
similar development stages and crop systems favored association. Rural-income difference
was positively associated with ties, indicating socioeconomic complementarity between
provinces at different income levels. Multiple cropping, irrigation, and per capita cropland
were not independently supported. Network formation was therefore more consistently
associated with relational history and production-system compatibility than with any single
difference in agricultural resource endowment.

3.3.2. Complementary Distance-Excluded MRQAP Analysis

The MRQAP models explained 13.4–20.2% of matrix variation across the four represen-
tative years and revealed both recurrent and period-specific associations. Planting-structure
and multiple-cropping differences were negative and statistically supported in every year,
whereas per capita cropland difference remained unsupported. Urbanization difference
became negative and supported in 2020 and 2023. Rural-income difference was positive
in all four years and statistically supported from 2015 onward. Irrigation difference was
supported only in 2020 and marginally supported in 2023, indicating a more period-specific
relationship (Table 7; full estimates in Table S6).

Table 7. Standardized coefficients from the complementary distance-excluded MRQAP models.

Variable 2010 2015 2020 2023

Urbanization difference 0.136 −0.129 −0.283 *** −0.285 ***
Multiple-cropping difference −0.154 ** −0.163 *** −0.219 *** −0.183 ***

Irrigation difference −0.044 −0.012 0.246 *** 0.142 *
Per capita cropland difference −0.008 −0.056 −0.087 −0.014

Rural-income difference 0.131 0.237 *** 0.297 *** 0.255 **
Planting-structure difference −0.133 ** −0.180 *** −0.155 *** −0.191 ***

Note: ***, **, and * denote permutation p < 0.01, p < 0.05, and p < 0.10, respectively. Each model uses
2000 Double Dekker semi-partialling permutations.

Comparison with the TERGM clarifies the temporal meaning of these results. The
consistently negative planting-structure coefficient in both models indicates that production-
system similarity characterized both annual network patterns and longitudinal tie forma-
tion. Multiple-cropping similarity was repeatedly observed in the cross-sectional models
but was not independently supported by the TERGM, suggesting that its cross-sectional
association was absorbed by network history and endogenous dependence. Urbaniza-
tion and rural-income differences showed broadly consistent directions across the two
approaches, whereas irrigation remained temporally unstable. Overall, persistence and
reciprocity anchored network evolution, provincial characteristics influenced the selection
of ties, and shared partners did not generate generalized clustering. Figure 7 summarizes
the longitudinal and cross-sectional results.

3.4. Robustness Checks

The robustness checks test whether the main conclusions depend on the threshold
used to create binary ties, the use of unweighted centrality, the TERGM specification, or
the inclusion of municipalities. Table 8 summarizes the results, and the Supplementary
Materials provide full estimates and simulation diagnostics.
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Figure 7. Temporal network mechanisms and non-geographic correlates of the provincial PCLU
association network: (a) TERGM coefficient estimates and 95% bootstrap confidence intervals;
(b) TERGM goodness-of-fit diagnostics for density, reciprocity, and shared-partner statistics; and
(c) comparison of coefficient directions and statistical support between the TERGM and dis-tance-
excluded MRQAP models for 2010, 2015, 2020, and 2023.

Table 8. Summary of robustness checks for the PCLU spatial association network.

Robustness Check Design Main Evidence Interpretation

Alternative thresholds

Row-mean baseline
compared with

global-mean, top-30%, and
top-20% rules.

Thresholds changed sparsity,
but 2023 top-10 node overlap

was 1.00 under all alternatives.

Core-node identification is
not threshold-specific.

Weighted centrality
Binary total degree

compared with weighted
total strength.

Spearman
correlation = 0.553–0.762

(p < 0.01); top-10
overlap = 0.60–0.80.

Hub structure persists
when tie intensity is

retained.

TERGM specification
and goodness of fit

Alternative structural
terms compared;

100 simulations per
transition.

AUC improved from 0.960 to
0.977; density/shared partners

covered in 12/13 years and
reciprocity in 11/13.

Selected model balances
predictive fit, structure,

and parsimony.
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Table 8. Cont.

Robustness Check Design Main Evidence Interpretation

Distance-excluded
MRQAP and

municipality exclusion

Six-variable models for
four years; four

municipalities removed in
the reduced sample.

Directions unchanged in
22/24 comparisons;

R2 = 0.134–0.202 (full) and
0.158–0.258 (reduced).

Main directions are broadly
stable, but several

year-specific associations
are sample-sensitive.

Alternative thresholds changed the number of ties but not the identity of the leading
nodes. The global-mean and top-share rules produced different levels of sparsity and
connectedness, as expected. In 2023, however, all three alternative rules reproduced the
baseline top 10 nodes. Across representative years, overlap generally ranged from 0.60 to
1.00. The leading-node pattern therefore did not depend on the row-mean threshold alone
(Table S1; Figure S1).

The weighted analysis produced similar hub rankings when binary total degree was
compared with weighted total strength. Spearman correlations ranged from 0.553 to 0.762
across 2010–2023 and were statistically significant in every year (p < 0.01); the two rankings
shared 60–80% of their top 10 provinces. This check evaluates the stability of overall
hub prominence rather than reproducing the normalized out-degree measure in Table 4
(Table S2; Figure S2).

The model comparisons favored the selected GWESP-GWDSP TERGM. Relative to
the simpler GWESP model, its AUC rose from 0.960 to 0.977 and average precision from
0.927 to 0.951. It also used fewer structural terms than the full degree-heterogeneity model.
In the final simulation test, the observed density and shared-partner statistic were covered
in 12 of 13 years, and reciprocity in 11. The remaining departures were concentrated in
specific years rather than spread throughout the study period (Table S5; Figure S4).

Removing the four municipalities preserved the coefficient direction in 22 of 24 variable-
year comparisons. MRQAP R2 ranged from 0.134 to 0.202 in the full sample and from 0.158
to 0.258 in the reduced sample; statistical support changed in five comparisons. The broad
patterns for urbanization, production conditions, and rural income were therefore stable,
although some year-specific estimates remained sensitive to the sample. Across all checks, the
most consistent findings were tie persistence, reciprocity, leading-node stability, similarity in
urbanization and planting structure, and a positive rural-income gradient (Tables S3 and S6;
Figure S3).

3.5. External Validation

External validation proceeded in two stages. First, annual QAP rank correlations,
dyad-classification AUC, node-level Spearman correlations, and top-decile overlap were
used to assess the overall correspondence between gravity-based association intensity and
observed green-technology patent collaboration. Second, MRQAP models treated patent
collaboration as the dependent network and examined whether gravity intensity retained
an association after controlling for agricultural scale and geographic distance. This design
distinguishes broad network correspondence from the portion attributable to scale and
geographic proximity.

The two networks showed moderate overall correspondence. Annual QAP corre-
lations were positive and statistically supported in all 14 years, ranging from 0.257 to
0.436, with a mean of 0.335. The mean AUC was 0.703, and the mean node-level Spear-
man correlation was 0.470. Correspondence among the strongest dyads was weaker: the
mean top-decile Jaccard coefficient was 0.108, equivalent to an average overlap of 19.3%
relative to the gravity network’s leading ties. The invention-patent measure produced
a similar pattern, with a mean QAP correlation of 0.312, a mean AUC of 0.689, and a
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mean node-level correlation of 0.465. Thus, the gravity network captured the broad dis-
tribution of interprovincial collaboration more effectively than the exact composition of
its strongest ties.

After controlling for agricultural scale and distance, the gravity coefficient remained
positive and statistically supported during 2010–2015 (0.116–0.146, p < 0.01), was borderline
in 2016 (0.068, p = 0.0505), and was unsupported from 2017 onward. The invention-patent
specification showed a broadly similar temporal pattern. Meanwhile, patent-network den-
sity increased from 0.477 to 0.931, and geographic distance remained negatively associated
with collaboration throughout the study period. As patent collaboration became denser and
more geographically structured, gravity intensity contributed less additional information
beyond scale and proximity. Overall, the external validation supports the gravity network
as an indicator of the broad opportunity structure for interprovincial association, while its
correspondence with specific dyads remains partial (Figure S5).

4. Discussion
4.1. Temporal Evolution and Policy Implications

China’s provincial PCLU improved, but this improvement did not produce con-
vergence. After 2017, the national mean rose more rapidly while provincial dispersion
widened, indicating that provinces differed increasingly in their capacity to combine agri-
cultural output with lower resource use and environmental pressure. The spatial mismatch
between agricultural production and PCLU reinforces this interpretation. Several major
grain-producing provinces in central and eastern China remained at medium or relatively
low levels, whereas parts of Northwest and Northeast China performed better. Because
PCLU evaluates the balance among output, material inputs, pollution, carbon emissions,
and crop sequestration, production scale alone cannot guarantee high performance. Inten-
sive grain-producing regions face a particularly sharp challenge: maintaining food-security
functions while reducing dependence on fertilizer, machinery, and irrigation. The national
improvement is consistent with Wu et al. [20], while the lower mean in this study may
reflect its longer period, global production frontier, and inclusion of non-CO2 pollution.

The U-shaped density trajectory adds a relational dimension to this differentiated
transition. Network contraction during 2010–2017 coincided with stronger policy emphasis
on resource conservation, input reduction, pollution control, and production restructuring,
a pattern consistent with a greater role for within-province adjustment during this period.
Partial reconnection after 2018 accompanied the integration of rural revitalization, high-
standard farmland construction, agricultural modernization, and low-carbon development.
However, density remained below its initial level and hierarchy remained elevated, indi-
cating that reconnection was concentrated in selected provinces and corridors. The policy
objective should therefore not be to maximize the number of ties, but to maintain sufficient
coordination while improving their relevance and durability. During contraction, common
standards and capacity support can prevent weaker provinces from becoming marginal-
ized; during recovery, verified partnerships and reciprocal pilots can be expanded between
established hubs and provinces facing stronger food-security–mitigation trade-offs.

4.2. Network Structure and Spatial Governance

Rather than following a simple coastal–inland hierarchy, the network remained na-
tionally connected while ties became concentrated around several regional hubs. Building
on previous studies of agricultural carbon-efficiency networks [31,32], this study broadens
the performance concept by incorporating agricultural output, carbon emissions, pollution,
and crop sequestration, and further shows that overall connectedness can coexist with in-
creasingly selective interprovincial ties. The consistency of the leading-node pattern across
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alternative thresholds and weighted networks also indicates that the multi-hub structure
is not specific to one method of network binarization. Provincial PCLU is therefore em-
bedded in a relational system characterized by national connectedness and differentiated
structural positions.

Block roles reflect this structural division rather than a ranking of provincial perfor-
mance. Their pronounced internal heterogeneity supports a two-level governance approach:
block profiles indicate appropriate forms of coordination, whereas PCLU, centrality, imple-
mentation capacity, and existing cooperation determine province-specific responsibilities.
High-performing and strongly connected members of the net-spillover block could host
demonstration programs. Tianjin could coordinate partner matching within the broker
block, while Guangdong and Jiangsu could lead reciprocal trials. Within the net-beneficiary
block, Fujian, Zhejiang, and Shaanxi could organize partnerships among members with
weaker connectivity. This arrangement links collective block functions with the capacities
of individual provinces.

Translating these roles into action requires a connected chain of responsibility. National
agencies could establish monitoring, reporting, and verification standards, maintain a
shared project database, and co-finance interprovincial pilots. Provincial agricultural
departments could convert these standards into partner selection, matching funds, and
implementation evaluation. Regional platforms led by broker provinces could coordinate
extension teams and joint trials of machinery, crop varieties, and low-carbon practices.
Local extension agencies, cooperatives, and service providers would then adapt these
practices to local farming systems and report implementation outcomes.

Comparable patterns in other agricultural regions provide a broader context. Bro-
kerage supports knowledge exchange within England’s fragmented land-management
advisory system [59]; local–provincial relationships support knowledge creation and shar-
ing in Ontario [60]; and research and extension organizations occupy central positions
in agricultural innovation networks in Central Africa [61]. These cases show that hubs
and brokers are not unique to China, although their functions depend on the surrounding
institutional system. China’s network is distinguished by nationwide connectedness, strong
temporal persistence, and substantial provincial diversity. For other large and heteroge-
neous countries, the implication is that national standards, regional brokerage, and local
adaptation need to operate as an integrated governance system.

External validation helps define how this network can be used. The gravity and
patent-collaboration networks corresponded at the overall and node levels, but only partly
identified the same strongest dyads. After agricultural scale and distance were controlled,
the additional correspondence was concentrated in the early study period and weakened
as patent collaboration became denser. The gravity network is therefore most informative
for comparing broad structures and screening potential partners. Decisions concerning
specific provincial partnerships should additionally consider observed cooperation, imple-
mentation capacity, and local production conditions.

4.3. Factors Associated with Network Formation

The longitudinal analysis shifts the interpretation of network formation from static
provincial attributes to a path-dependent process. This path dependence has both model-
based and institutional foundations. Distance is stable, while agricultural scale and PCLU
generally change gradually; multiyear programs and established production-service pat-
terns may also contribute to continuity in provincial associations. Reciprocity adds a second
layer of structural stability because a modeled tie is more likely when the reverse-direction
tie is present. Persistent and reciprocal structures may concentrate association opportunities
among established province pairs. Governance experiments should therefore test whether
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stable association patterns can support durable coordination while creating entry points
for less-connected provinces.

Partner selection combined similarity in production conditions with complementarity
in socioeconomic capacity. Provinces with comparable urbanization levels and planting
structures were more likely to be connected, suggesting that similar transition pressures
and crop systems reduce coordination and adaptation costs. Rural-income differences,
by contrast, were positively associated with ties, indicating potential complementarity
between financial capacity, service supply, and local demand. The MRQAP results sharpen
this interpretation: multiple-cropping similarity appeared consistently in annual networks
but lost independent support after persistence and endogenous dependence were consid-
ered. A cross-sectional resemblance in resource use does not necessarily become a stable
driver of network change. Partner selection should therefore combine production-system
compatibility with complementary capacity and financing arrangements.

The shared-partner results reveal a predominantly dyadic rather than cluster-led
organization. Common outgoing partners neither generated additional triadic closure
nor accumulated into expanding open chains. A shared intermediary therefore did not
automatically produce new ties between otherwise unconnected provinces. This helps
explain why broad diffusion cannot be expected to emerge from existing hubs alone.
Broker provinces and regional platforms need an explicit convening function, supported
by partner-matching mechanisms, joint funding, and common evaluation. Direct bilateral
agreements may stabilize priority relationships, while formally coordinated consortia can
connect provinces across different blocks and development levels.

4.4. Limitations

External validation strengthens the empirical basis of the gravity network but covers
only one dimension of interprovincial relations. Green-technology patents record research
collaboration across broad technological fields rather than agriculture-specific extension,
technology transactions, input flows, or policy learning. The observed correspondence
therefore supports the broad network structure more strongly than the identification of
particular dyads. Future validation should combine several relational indicators, including
agricultural co-patents, technology-transfer contracts, machinery and seed transactions,
intergovernmental agreements, and collaboration among extension organizations. Different
indicators would validate distinct dimensions of interprovincial association rather than
require one proxy to represent all forms of interaction.

The temporal model also involves simplifying assumptions. The TERGM assumes
stable coefficients over the study period and uses bootstrapped maximum pseudolikelihood.
Although it reproduced most network statistics, its weaker fit to the 2020 shared-partner
structure suggests a possible temporal break. Period-specific TERGMs or separable models
could distinguish changes in tie formation and dissolution around such periods. The
binary network further removes variation in association intensity. The weighted robustness
analysis supports the main hub pattern, but future valued-network models could examine
whether tie strength follows the same temporal mechanisms.

Finally, the provincial scale provides consistent statistical and policy units but con-
ceals variation in land quality, farm structure, and extension capacity. Nested province–
prefecture comparisons or regional case studies would help determine how aggregation
affects network structure, although nationally consistent subprovincial data on emissions,
pollution, sequestration, and cooperation remain limited. The models identify conditional
network relationships rather than policy effects. Their main practical value is therefore to
identify candidate partnerships, coordination structures, and testable intervention designs.
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Subsequent pilots and implementation evaluation are required to determine whether these
arrangements improve low-carbon cropland use.

5. Conclusions
This study examines the evolution of PCLU and its interprovincial association network

across China from 2010 to 2023. Four conclusions emerge.
(1) Provincial PCLU improved but did not converge. The mean remained below the

efficiency frontier, and differences widened after 2017. Higher performance in parts of
Northwest and Northeast China contrasted with the relative lag of several central grain-
producing provinces.

(2) The national network remained connected but became more selective. Density con-
tracted and then partially recovered, while hierarchy increased, producing a differentiated
multi-hub structure rather than uniform expansion.

(3) Centrality and block modeling revealed complementary structural positions. Key
provinces acted as hubs or brokers, while the four blocks performed net-spillover, broker,
bidirectional-spillover, and net-beneficiary functions. Within-block heterogeneity means
that these roles should guide coordination modes rather than uniform provincial tasks.

(4) Persistence and reciprocity dominated network evolution. Similar urbanization
and planting structures favored ties, while rural-income differences reflected socioeconomic
complementarity. Shared partners generated neither additional closure nor expanding
chains. External validation supported the broad network structure but only partly identified
specific cooperation ties.

Governance should therefore prioritize the quality and durability of interprovincial
coordination rather than network density alone. National standards and joint funding,
broker-led multiyear coordination, and locally adapted implementation can be tested
through monitored pilots before wider application.
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