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Abstract

Cross-regional greenhouse gas emission linkages have contributed to the formation of
interconnected carbon emission networks among cities. However, whether a city’s posi-
tion within such networks influences agricultural green total factor productivity (AGTFP)
remains insufficiently understood. Using panel data from 40 prefecture-level cities in
the Yangtze River Delta, China, from 2010 to 2024, this study measures AGTFP using a
super-efficiency SBM model and constructs a carbon emission network based on a modified
gravity model and social network analysis. Degree centrality is employed to capture cities’
network positions. Two-way fixed-effects, threshold, and moderation models are applied
to examine the relationship between network centrality and AGTFP. The results show
that carbon emission network centrality is positively associated with AGTFP, primarily
through improvements in technical efficiency rather than technological progress. The rela-
tionship exhibits a nonlinear pattern: CENC is positively associated with AGTFP when the
urban–rural income gap is below a certain threshold, but the association becomes negative
when the gap exceeds this threshold. Moreover, stronger water resource management
enhances the positive association between network centrality and AGTFP. These findings
underscore the significance of network-based coordination and institutional capacity in
driving agricultural green transformation.

Keywords: agricultural green total factor productivity; carbon emission correlation
network; urban–rural income gap; water resource management

1. Introduction
Climate change has become one of the most pressing global sustainability challenges,

driven largely by the continuous accumulation of greenhouse gas emissions. A grow-
ing body of the literature suggests that carbon emissions are no longer confined within
administrative boundaries but are increasingly characterized by strong interregional inter-
dependence through industrial linkages, trade flows, and factor mobility [1]. Consequently,
carbon emissions have evolved into complex spatially interconnected networks, where a
region’s structural position within the network may have important implications for both
environmental and economic outcomes.

Against this global backdrop, China—one of the world’s largest carbon
emitters—faces increasing pressure to balance economic development with low-carbon
transition and ecological sustainability. As a fundamental sector of the national economy,
agriculture plays a vital role in ensuring food security, supporting rural revitalization,
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and contributing to national carbon mitigation goals. In recent years, China has pro-
moted agricultural green development by improving resource use efficiency, encouraging
clean production practices, and strengthening the recycling of agricultural waste, thereby
accelerating the transition toward low-carbon agricultural systems [2].

Agricultural green total factor productivity (AGTFP), which incorporates environ-
mental constraints into the traditional productivity framework, provides a comprehensive
measure of both efficiency and sustainability in agricultural development. It has therefore
become a key indicator for evaluating the progress of agricultural green transformation [3].

However, existing studies have primarily examined the relationship between carbon
emissions and agricultural green productivity from the perspectives of emission levels,
environmental regulation, or spatial spillovers, while relatively limited attention has been
paid to the structural position of cities within intercity carbon emission networks. This
distinction is important because a city’s position in a carbon emission network captures
its relational connections with other cities rather than merely its own emission level. Such
network linkages may be associated with the transmission of knowledge, technology, pro-
duction factors, and environmental practices across cities, thereby potentially influencing
agricultural green productivity.

To address this gap, this study uses panel data from 40 prefecture-level cities in the
Yangtze River Delta, China, covering the period 2010–2024. A regional carbon emission
network is constructed based on a modified gravity model and social network analy-
sis, and network position is measured using degree centrality. A two-way fixed effects
model, panel threshold model, and moderation model are employed to examine the re-
lationship between network centrality and AGTFP, its nonlinear characteristics, and its
conditioning factors.

This study contributes to the existing literature in three aspects. First, it extends
agricultural green productivity research from a conventional emission-level perspective to
a relational network perspective by examining whether a city’s structural position within
an intercity carbon emission network is associated with its green productivity performance.
Second, it provides further insights into the potential sources of the observed association by
decomposing AGTFP into technical efficiency and technological progress. Third, it explores
the boundary conditions of the CENC–AGTFP association by examining the nonlinear role
of urban–rural income inequality and the moderating role of water resource management.

2. Literature Review
The measurement of agricultural green total factor productivity (AGTFP) has devel-

oped into a relatively mature research field, mainly based on two methodological streams:
non-parametric Data Envelopment Analysis (DEA) and parametric Stochastic Frontier
Analysis (SFA). Within the DEA framework, the Slack-Based Measure (SBM) combined
with the Global Malmquist–Luenberger (GML) index is widely adopted to account for
undesirable outputs such as agricultural carbon emissions and non-point source pollution.
For instance, Shen et al. [4] applied the SBM-GML approach to provincial-level data in
China and found that technological progress was the main driver of AGTFP growth. Li,
Chen and Min [5] incorporated agricultural non-point source pollution into a directional
distance function–Malmquist framework and found that agricultural productivity growth
remains constrained by environmental factors. Overall, the measurement of AGTFP has
reached a relatively mature stage.

The existing literature on the determinants of AGTFP can be broadly divided into two
strands: internal factor-driven studies and external policy-oriented studies. The former
highlights the role of land transfer [6] and agricultural machinery subsidies [7] in improving
productivity, while the latter emphasizes the positive effects of digital agriculture [8] and
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ecological compensation policies [9]. However, this literature has predominantly focused
on local production factors, policy interventions, and spatial spillovers, with comparatively
limited attention to the intercity relational structures generated by carbon emissions and
economic linkages.

From a network perspective, recent research has increasingly conceptualized car-
bon emissions as an intercity relational phenomenon rather than merely a city-specific
environmental attribute. Methodologically, studies have commonly combined modified
gravity models with social network analysis (SNA) to construct and characterize intercity
carbon-emission networks [10,11]. This literature has documented substantial heterogene-
ity in network connectivity, structural position, and evolutionary patterns across regions,
provinces, and urban agglomerations [12,13], with recent studies further extending the
framework to multidimensional factor-flow networks [14]. Collectively, these studies sug-
gest that carbon emissions are embedded in interconnected urban systems, implying that
cities may differ not only in their emission levels but also in their structural positions within
emission networks.

Building on this network perspective, a related strand of research has examined
whether network centrality and positional characteristics are associated with environmental
and regional outcomes [15,16]. This literature suggests that network position captures
more than the scale of local emissions; it reflects a city’s connectivity, embeddedness,
and structural influence within a broader intercity system. Yet, whether such positional
characteristics are systematically associated with agricultural green productivity remains
insufficiently explored.

Taken together, the existing literature reveals an important conceptual disconnect
between research on agricultural green productivity and research on carbon-emission
networks. AGTFP studies have increasingly incorporated environmental constraints and
examined the roles of local production factors, technological progress, policy interventions,
and spatial interactions. Carbon-emission network studies, in contrast, have primarily fo-
cused on network structure, connectivity, and spatial evolution. What remains insufficiently
understood is whether the relational position of a city within an intercity carbon-emission
system constitutes a meaningful dimension of its agricultural green productivity.

This study therefore shifts the analytical perspective from carbon-emission levels to
network position. Rather than treating carbon emissions solely as a local environmental
attribute, we conceptualize a city’s position within the intercity carbon-emission network
as a relational characteristic that may be systematically associated with its agricultural
green productivity. Furthermore, the study moves beyond the average linear associa-
tion by examining whether the CENC–AGTFP relationship varies across different levels
of urban–rural income inequality and whether water resource management conditions
this relationship. Table 1 summarizes how these strands converge on the unresolved
question addressed in this study and highlights the corresponding contribution of the
present research.

Table 1. Literature Positioning and Contribution of the Present Study.

Research Strand What the Literature Establishes Key Gap Contribution of the Present
Study

AGTFP measurement
and determinants

Existing studies have
progressively refined AGTFP
measurement and identified a

range of local factors and policy
instruments affecting agricultural

green productivity.

These approaches largely treat
cities as independent

decision-making units, with
limited attention to intercity

relational factors.

Extends the AGTFP literature
from a local-factor perspective to
a network-relational perspective
by introducing carbon emission
network centrality as a city-level

determinant.
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Table 1. Cont.

Research Strand What the Literature Establishes Key Gap Contribution of the Present
Study

Carbon emission
networks and network

centrality

This literature shows that carbon
emissions form interconnected

urban networks characterized by
differentiated connectivity,
structure, and positional

centrality.

The implications of network
position for agricultural green

productivity remain largely
unexplored.

Connects urban carbon-emission
network position with

agricultural green productivity
and examines whether a city’s
structural position matters for

AGTFP.

Network position and
environmental

outcomes

Network centrality has been
linked to environmental and

ecological outcomes, suggesting
that positional characteristics may

shape environmental
performance.

Existing evidence provides
limited insight into
agricultural green

productivity and does not
sufficiently explain when

network centrality enhances
or constrains AGTFP.

Establishes and evaluates the
CENC–AGTFP relationship,
while moving beyond the

question of whether a network
effect exists to examine its

conditional and nonlinear nature.

3. Theoretical Analysis and Research Hypotheses
The strengthening of intercity economic linkages facilitates the free mobility of pro-

duction factors such as labor and capital across regions. On the one hand, this increases
the opportunity cost of carbon-intensive production modes, accelerates the orderly real-
location of agricultural labor toward non-agricultural sectors, and promotes large-scale
land operation and mechanized farming, thereby improving the input–output efficiency
of agricultural production [17,18]. On the other hand, low-carbon agricultural technolo-
gies originating from core cities within the spatial correlation network tend to diffuse
more rapidly to peripheral regions, significantly reducing the adoption costs of green
technologies [19]. In addition, intensified competition encourages emerging agricultural
operators to adopt environmentally friendly production technologies and fosters green
specialization and coordination through value-chain linkages, thereby avoiding low-end
homogeneous competition [20,21].

Although these mechanisms have primarily been validated in the context of formal
policy coordination, their underlying logic is equally applicable to a city’s position within
the carbon emission correlation network. Cities with higher network centrality are more
likely to serve as convergence nodes for factor flows, technological spillovers, and market
information, thereby passively benefiting from green technology diffusion and improved
resource allocation efficiency.

H1. Cities with higher centrality in the carbon emission correlation network exhibit higher
agricultural green total factor productivity (AGTFP).

AGTFP dynamics can be decomposed into two components: technological change
(TC) and technical efficiency change (EC). TC reflects outward shifts in the production
frontier driven by green innovation and technology diffusion, whereas EC captures im-
provements in the ability of regions to approach the production frontier through better
resource allocation and management practices.

Carbon emission correlation networks may be associated with AGTFP through two
complementary channels. First, network centrality facilitates interregional technology
spillovers, thereby promoting green technological innovation and driving technologi-
cal progress. Second, intensified competition and regulatory convergence induced by
network interactions encourage agricultural producers to optimize input allocation and
operational efficiency.
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H2a. Carbon emission network centrality improves AGTFP primarily through technological
change (TC).

H2b. Carbon emission network centrality improves AGTFP primarily through technical efficiency
change (EC).

When the urban–rural income gap is relatively small, rural areas tend to retain suffi-
cient labor and human capital, enabling farming households to adopt green production
practices such as low-carbon cultivation, precision fertilization, and straw recycling. Mean-
while, local governments are more capable of allocating fiscal resources to agricultural
environmental governance and green technology diffusion, thereby supporting a transition
toward intensive and low-carbon agricultural production and improving AGTFP.

However, when the urban–rural income gap exceeds a critical threshold, continuous
outmigration of high-quality rural labor leads to human capital hollowing-out [22,23].
Under such conditions, remaining farming households face stronger income pressures
and tend to rely on carbon-intensive inputs such as fertilizers, pesticides, and agricultural
plastics to maintain output. Rural areas consequently become absorbers of “carbon leakage”
within the carbon emission correlation network.

Although carbon-intensive economic activities in urban areas are transmitted through
network linkages, low-carbon technologies and environmental regulations fail to effectively
diffuse to rural production systems. Instead, industrial relocation may further exacerbate
non-point source pollution and environmental pressure in agricultural regions. In addition,
fiscal resources may be reallocated toward livelihood subsidies, crowding out investment
in environmental governance [24,25]. As a result, the positive effect of network centrality
on AGTFP weakens and may even turn negative.

H3. The relationship between carbon emission network centrality and AGTFP exhibits a threshold
effect driven by the urban–rural income gap. Below the threshold, network centrality is positively
associated with AGTFP, while above the threshold, this effect diminishes or becomes negative.

Agricultural water use efficiency and regional agricultural development exhibit strong
spatial coupling, and their coordination level directly influences the resilience and techno-
logical absorption capacity of agricultural systems [26]. Accordingly, the effectiveness of
carbon emission network linkages in transmitting technological and regulatory spillovers
depends on regional water resource management capacity.

In regions with efficient water resource management, advanced water-saving tech-
nologies such as drip irrigation and integrated water–fertilizer systems are widely adopted,
and farmers exhibit stronger adaptability to external environmental constraints. As a result,
low-carbon technologies transmitted through the network can be rapidly embedded into
local production systems.

In contrast, in regions with poor water resource conditions or inefficient management,
agricultural systems operate under resource stress, limiting technological absorption capac-
ity. Under such conditions, the positive spillover effects of network centrality are offset by
carbon-intensive survival-driven production behavior.

Therefore, water resource management acts as an enabling condition for the relation-
ship between carbon emission network centrality and AGTFP.

H4. Water resource management positively moderates the relationship between carbon emis-
sion network centrality and AGTFP, such that the effect becomes stronger as water resource
management improves.
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Figure 1 presents the conceptual framework illustrating the relationships among
CENC, AGTFP, underlying mechanisms, and threshold and moderating conditions.

Figure 1. Theoretical framework.

4. Model, Variables, and Data
4.1. Model Construction
4.1.1. Super-SBM Model

Data envelopment analysis (DEA) is a non-parametric method for evaluating the
relative efficiency of decision-making units (DMUs) by constructing a production frontier
based on input and output data. DEA does not require a pre-specified production function
and can accommodate multiple inputs and outputs without assigning subjective weights,
making it widely used in efficiency evaluation.

Traditional DEA models are often radial and oriented, requiring inputs or outputs
to change proportionally. To address the limitation of radial models in capturing non-
proportional input and output slacks, Tone [27] proposed the slack-based measure (SBM)
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model, which explicitly incorporates input excesses and output shortfalls into the efficiency
evaluation. However, the conventional SBM model assigns an efficiency score of one to
all efficient DMUs, making it difficult to further distinguish and rank efficient DMUs. To
overcome this limitation, Tone [28] developed the super-efficiency SBM model by excluding
the evaluated DMU from the reference set, allowing efficient DMUs to obtain efficiency
scores greater than unity. Tone [29] further extended the super-efficiency SBM framework
to incorporate undesirable outputs.

In this study, we employ a super-efficiency SBM model incorporating undesirable
outputs to evaluate the green efficiency of agricultural production in 41 prefecture-level
cities in the Yangtze River Delta. We adopt the super-efficiency SBM model rather than
SBM-DDF mainly because it can further distinguish among efficient DMUs and allows
efficiency scores to exceed unity. This is crucial for our study, since AGTFP is the dependent
variable used to examine the effect of carbon emission network centrality (CENC). If SBM
or SBM-DDF were used, many cities would be censored at an efficiency score of 1, which
would substantially reduce variation in AGTFP and potentially bias the estimated CENC
effect. The super-efficiency SBM also avoids the need to pre-specify a direction vector and
handles undesirable outputs in a non-radial way, making it better suited to agricultural
production and our subsequent heterogeneity analysis. Each city is treated as a decision-
making unit (DMU). Agricultural production is characterized by three types of variables:
input, desirable output, and undesirable output. Let m denote the number of inputs, s1

the number of desirable outputs, and s2 the number of undesirable outputs. For DMU
k, the input, desirable-output, and undesirable-output vectors are denoted by xk, yd

k , and
yu

k , respectively.
The super-efficiency SBM model with undesirable outputs is specified as follows:

minρ =

1 − 1
m ∑m

i=1

(
si

x

xik

)
1 +

1
s1 + s2

(
∑s1

w=1
sw

d

ywk
d + ∑s2

g=1
sg

u

ygk
d

) (1)

subject to
xik ≥ ∑n

j=1,j ̸=k xijλj + si
x, i = 1, 2, . . . , m (2)

ywk
d ≤ ∑n

j=1,j ̸=k ywj
dλj − sw

d, w = 1, 2, . . . , s1 (3)

ygk
u ≥ ∑n

j=1,j ̸=k ygj
uλj + sg

u, g = 1, 2, . . . , s2 (4)

∑n
j=1,j ̸=k λj = 1 (5)

λj ≥ 0, si
x ≥ 0, sw

d ≥ 0, sg
u ≥ 0 (6)

where n denotes the number of DMUs; λj is the intensity variable associated with DMU
j; and sx

i , sd
w, and su

g represent the slacks associated with inputs, desirable outputs, and
undesirable outputs, respectively. The evaluated DMU k is excluded from the reference
set (j ̸= k), which enables the model to distinguish among efficient DMUs. The efficiency
score is denoted by ρ, with a higher value indicating better relative green efficiency. The
normalization constraint in Equation (5) imposes variable returns to scale (VRS).

4.1.2. Global Malmquist–Luenberger (GML) Index

Building on the super-efficiency SBM model with undesirable outputs, this study
employs the Global Malmquist–Luenberger (GML) index proposed by Oh [30] to measure
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the dynamic changes in agricultural green total factor productivity (AGTFP) between
period t and t + 1.

The GML index is constructed based on a global production technology set, which
is defined by the input–output combinations of all decision-making units (DMUs, i.e.,
cities) across all time periods. This global reference technology ensures full comparability
of efficiency across different time periods and avoids the potential infeasibility problems
associated with the traditional Malmquist–Luenberger index.

The GML index is defined as follows:

GMLt+1
t =

Eg(xt+1, yt+1, bt+1)
Eg(xt, yt, bt)

(7)

where Eg(·) denotes the efficiency score calculated based on the super-efficiency SBM
model with undesirable outputs under the global production technology set.

The value of GML > 1 indicates an improvement in AGTFP from period t to t + 1,
whereas GML < 1 indicates a decline, and GML = 1 implies no change in productivity.

4.1.3. Baseline Regression Model

To examine the relationship between regional carbon emission network centrality
(CENC) and agricultural green total factor productivity (lnAGTFP), this study specifies the
following two-way fixed effects panel model:

ln AGTFPit = α + β · CENCit + γXit + µi + λt + εit (8)

where i denotes the city and t denotes the year. AGTFPit represents agricultural green total
factor productivity in city i at time t, and CENCit denotes the carbon emission network
centrality of city i in year t. Xit is a vector of control variables. µi and λt capture city-fixed
effects and time-fixed effects, respectively, controlling for time-invariant city heterogeneity
and common temporal shocks. εit is the idiosyncratic error term, with standard errors
clustered at the city level to account for potential serial correlation and heteroskedasticity.

4.1.4. Threshold Regression Model

To further examine whether the relationship between carbon emission network central-
ity (CENC) and agricultural green total factor productivity (lnAGTFP) exhibits nonlinear
heterogeneity across different conditions, this study employs the panel threshold regression
model proposed by Hansen [31]. This approach allows the threshold value to be endoge-
nously determined from the data and enables the effects of the core explanatory variable to
vary across different regimes.

The single-threshold model is specified as follows:

ln AGTFPit = β1RCECNCit · I(Theilit ≤ γ) + β2RCECNCit · I(Theilit > γ) + θXit + µi + λt + εit (9)

where the Theil index is used to measure the urban–rural income gap and serves as the
threshold variable. γ denotes the threshold value to be estimated, and I(·) is an indicator
function that equals one when the condition is satisfied and equals zero otherwise. Xit is
a vector of control variables. µi and λt capture unobserved city-specific and time-specific
fixed effects, respectively, controlling for time-invariant heterogeneity across cities and
common temporal shocks. εit is the idiosyncratic error term.

The significance of the threshold effect is tested using a bootstrap procedure that
constructs the F-statistic to examine the null hypothesis of no threshold effect (i.e., β1 = β2).
Rejection of the null hypothesis indicates the presence of a statistically significant threshold
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effect. In this case, both the threshold value γ and its corresponding confidence interval
can be consistently estimated.

4.1.5. Moderating Effect Model

To examine whether water resource management intensity (Conservancy) moderates
the effect of carbon emission network centrality (CENC) on agricultural green total factor
productivity (lnAGTFP), this study introduces the interaction term between CENC and
Conservancy into the baseline model. The moderating effect model is specified as follows:

ln A GTFPit = α + β1CENCit + β2Conservancyit + β3(CENCit × Conservancyit) + γXit + µi + λt + εit (10)

where CENCit times Conservancyit denotes the interaction term between carbon emission
network centrality and water resource management intensity. The coefficient β3 captures
the moderating effect of water resource management. A significantly positive β3 indicates
that stronger water resource management enhances the positive effect of CENC on AGTFP.
Xit represents the vector of control variables, while µi and λt denote city fixed effects and
year fixed effects, respectively. εit is the error term.

4.2. Variables Selection
4.2.1. Core Explanatory Variable: Carbon Emission Network Centrality (CENC)

Following Liu et al. [32]., this study measures regional carbon emission net-
work centrality using a combination of a modified gravity model and social network
analysis (SNA).

(1) Gravity matrix
This study constructs a structural interdependence network of intercity carbon emis-

sions rather than a physical flow network of emissions.
Let yijt denote the carbon emission–economic gravity between city i and city j in year

t, which is defined as follows:

yijt =
Cit

Cit + Cjt
×

3
√

PitCitGit · 3
√

PjtCjtGjt( Dij
git+gjt

)2 (11)

where Cit denotes total carbon emissions of city i in year t (10,000 tons of CO2 equivalent);
Pit represents the end-of-year permanent resident population (10,000 persons); Git is real
GDP (billion RMB); and git refers to per capita GDP (10,000 RMB per person). Dij is the
geographical distance between cities i and j, calculated based on the great-circle distance
using latitude and longitude coordinates.

(2) Binary Network Construction
To construct a binary (unweighted) and temporally comparable network, this study

adopts a global thresholding approach. Specifically, the global median of all gravity values
across all city pairs and all time periods is first calculated as ȳ:

ȳ = median
(
yijt
)

(12)

The global median is selected as the baseline threshold for three main reasons. First, it
provides a distribution-based and relatively neutral benchmark for distinguishing stronger
from weaker intercity linkages. This is particularly appropriate given the substantial
heterogeneity and right-skewed distribution of the gravity values. Compared with the
mean, the median is less sensitive to a small number of extremely strong intercity linkages
and therefore provides a more robust representation of the typical level of linkage intensity.
Second, degree centrality is based on the number of direct connections. An excessively
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low threshold may generate an overly dense network in which most cities are connected,
reducing the ability of degree centrality to distinguish differences in network position;
conversely, an excessively high threshold may produce an overly sparse network and
weaken the stability of the measured network structure. The median therefore provides
a balanced baseline for identifying relatively strong intercity structural linkages. Third, a
global rather than year-specific threshold is adopted to ensure that the same benchmark
is applied to all city pairs throughout the study period. This avoids changes in network
connectivity that may arise solely from changes in year-specific threshold values and
improves the temporal comparability of city-level network centrality.

Based on this uniform threshold, the continuous gravity matrix is transformed into a
binary adjacency matrix Aijt as follows:

Aijt =

{
1, yijt ≥ ȳ
0, yijt < ȳ

(13)

where Aijt = 1 indicates the gravity-based structural interdependence between city i and
city j in year t exceeds the sample-wide median level, while Aijt = 0 otherwise. This global
thresholding strategy ensures temporal comparability of the network structure across years
and avoids potential bias arising from year-specific or sample-specific thresholds. Binary
networks are employed to mitigate the influence of extreme values and heterogeneity in
link intensities, as well as potential measurement noise, thereby providing a more stable
representation of intercity structural linkages and enhancing temporal comparability.

(3) Overall Network Density
The overall level of intercity carbon emission correlation in year t is measured by

network density Dt, which is defined as follows:

Dt =
∑N

i=1 ∑N
j=1 aijt

N(N − 1)
, i ̸= j (14)

where N = 40 denotes the number of cities in the Yangtze River Delta urban agglomeration,
and aijt is a binary indicator that equals 1 if a significant carbon emission linkage exists
between city i and city j, and is 0 otherwise. A higher value of Dt indicates a more closely
connected and denser regional carbon emission correlation network, reflecting stronger
overall intercity dependence in carbon emission linkages.

(4) City-Level Carbon Emission Network Centrality
The network centrality of city i in year t is measured by degree centrality DCit, which

is defined as follows:

CENCit = DCit =
∑N

j=1,j ̸=i aijt

N − 1
(15)

where aijt is a binary indicator that equals 1 if a carbon emission linkage exists between city
i and city j, and is 0 otherwise. N denotes the number of cities in the sample. This indicator
captures the proportion of cities directly connected to city i within the carbon emission
correlation network.

The value of DCit ranges from 0 to 1, with higher values indicating that the city
occupies a more central position in the network, characterized by a greater number of
direct connections to other cities and stronger embeddedness within the intercity carbon
emission structure.

Degree centrality captures the breadth of a city’s network connections and exposure
within the system, rather than hierarchical dominance or structural superiority.

Figure 2 provides a conceptual illustration of the carbon emission linkage network
and degree centrality.
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Figure 2. Conceptual illustration of the carbon emission linkage network and degree centrality.

4.2.2. Dependent Variable: Agricultural Green Total Factor Productivity (AGTFP)

Agricultural green total factor productivity (AGTFP) is measured using a super-
efficiency SBM model with undesirable outputs, combined with the Global Malmquist–
Luenberger (GML) index. This approach simultaneously accounts for desirable out-
put (agricultural output value) and undesirable outputs (agricultural carbon emissions),
and overcomes limitations of the traditional Malmquist index, including infeasibility
under non-radial slack conditions and inconsistency in handling undesirable outputs
across periods.

Following existing studies [4,5,33], nine input indicators are included: labor, land, ma-
chinery, chemical fertilizer, agricultural plastic film, diesel, pesticides, energy consumption,
and irrigation. First, from the perspective of production frontier theory, TFP measurement
requires a sufficiently comprehensive input set to adequately characterize the production
process. Land and labor represent primary production factors; machinery captures capital
input and mechanization; chemical fertilizer, plastic film, and pesticides represent interme-
diate material inputs; diesel captures direct fossil-fuel use, while electricity consumption
captures electricity use in agricultural production; and irrigation represents water resource
input. Together, these nine indicators cover key agricultural inputs such as labor, land,
capital, materials, energy, and water. Second, these variables are closely related to the
“green” dimension of AGTFP. Chemical fertilizer, pesticides, plastic film, diesel, energy
consumption, and irrigation are major sources of agricultural carbon emissions and re-
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source consumption. Including them in the input side allows the TFP measurement to
reflect both economic output and environmental costs. Third, these indicators have been
widely used in existing agricultural green TFP studies, and they are consistently defined
and available in the relevant statistical yearbooks or databases, ensuring comparability, re-
producibility, and reliability. Therefore, this input set is theoretically justified, supported by
the literature, and empirically feasible. Agricultural output value (deflated to 2010 constant
prices: 10,000 CNY) is used as the desirable output because AGTFP aims to capture the
overall economic performance of agriculture. Agricultural carbon emissions (tons of CO2

equivalent) are used as the undesirable output because green TFP needs to incorporate
resource and environmental constraints. This treatment follows existing studies [4,5,33]
and is consistent with the efficiency logic that desirable output should be maximized while
undesirable output should be minimized.

Variable definitions are reported in Table 2.

Table 2. Agricultural Green TFP Input–Output System.

Category Indicator Definition/Measurement

Input variables

Labor input Number of employees in the primary industry
(10,000 persons)

Land input Total sown area of crops (hectares)

Machinery input Total agricultural machinery power (kW)

Chemical fertilizer
input Fertilizer application amount (tons, pure content)

Plastic film input Agricultural plastic film usage (tons)

Diesel input Agricultural diesel consumption (tons)

Pesticide input Pesticide usage (tons)

Energy input Agricultural electricity consumption (10,000 kWh)

Irrigation input Effective irrigated area (hectares)

Output variables

Desirable output Agricultural output value (deflated to 2010
constant prices: 10,000 CNY)

Undesirable output Agricultural carbon emissions (tons of CO2
equivalent)

Agricultural carbon emissions are calculated based on seven major sources, including
agricultural tillage, irrigation, chemical fertilizer, pesticide, plastic film, diesel, and electric-
ity consumption. Following the existing literature, total agricultural carbon emissions are
estimated as follows:

E = ∑7
i=1 Ei = ∑7

i=1(Ti × δi) (16)

where E denotes total agricultural carbon emissions; Ei represents emissions from source
i; Ti is the activity level of each emission source (e.g., fertilizer application, pesticide use,
etc.); and δi is the corresponding emission coefficient. All emission coefficients are reported
in Table 3.

Table 3. Emission coefficients.

Emission Source Unit of Activity Level Carbon Emission
Factor Unit of Factor Reference

Chemical fertilizer Application amount (t) 0.8956 kg C/kg West and Marland [34]

Pesticide Usage (t) 4.9341 kg C/kg West and Marland [34]
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Table 3. Cont.

Emission Source Unit of Activity Level Carbon Emission
Factor Unit of Factor Reference

Agricultural plastic
film Usage (t) 5.18 kg C/kg Cheng et al. [35]

Agricultural tillage Sown area (hm2) 312.6 kg C/hm2 Wu et al. [36]

Agricultural irrigation Effective irrigated area (hm2) 20.476 kg C/hm2 Li et al. [37]

Diesel Usage (t) 0.5927 kg C/kg Li et al. [37]

Electricity Consumption (kWh) 0.5703 T C/mWh Ministry of Ecology and
Environment [38]

4.2.3. Threshold Variable: Urban–Rural Income Gap (Theil Index)

This study adopts the urban–rural income gap as the threshold variable to examine
the nonlinear effects of carbon emission network centrality (CENC) on agricultural green
total factor productivity (AGTFP). The urban–rural income disparity is measured using
the Theil index, which captures income inequality between urban and rural residents in a
decomposition-consistent framework. The Theil index is calculated as follows:

Theilit = ∑2
j=1

yi,t,j

yi,t
ln

(
yi,t,j/yi,t

pi,t,j/pi,t

)
(17)

where j = 1, 2 denotes urban and rural areas, respectively. yi,t,j represents per capita
disposable income of urban or rural residents in region i at time t, while yi,t denotes the
aggregate income of region i. pi,t,j is the population of urban or rural residents, and pi,t is
the total population of region i. A higher value of the index indicates a greater degree of
urban–rural income disparity.

4.2.4. Moderating Variable: Water Resource Management Intensity (Conservancy)

This study follows Tian and Zeng [7] and measures water resource management
intensity using the ratio of effective irrigated area to total sown crop area. The effective
irrigated area is a widely used indicator of the development level of agricultural water
conservancy infrastructure and regional water resource regulation capacity. This indicator
reflects the infrastructural and managerial capacity of agricultural water systems rather
than direct water consumption. A higher value of this ratio indicates stronger irrigation
assurance capacity and more advanced agricultural water management systems within
a region.

4.2.5. Control Variables

To mitigate potential omitted variable bias, this study includes a set of control variables
that may affect agricultural green total factor productivity (AGTFP).

Industrial structure (ind) is measured by the ratio of value added of the tertiary
industry to that of the secondary industry, capturing the degree of economic structural
upgrading [39]. Agricultural machinery density (machine) is calculated as the total agri-
cultural machinery power (10,000 kW) per unit of total sown area (thousand hectares),
reflecting the level of agricultural mechanization [40]. Urbanization level (urban) is mea-
sured by the proportion of urban population in total permanent residents, indicating the
degree of population agglomeration and urban development [41]. Labor input (labor) is
proxied by the share of primary industry employment in total employment across all three
sectors, reflecting agricultural labor endowment conditions [42]. Economic development
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level (lnpgdp) is measured as the natural logarithm of per capita GDP to capture regional
income and development differences.

4.3. Data Sources

This study covers 40 prefecture-level cities in the Yangtze River Delta region over the
period 2010–2024.

Carbon emission data are obtained from the Emissions Database for Global Atmo-
spheric Research (EDGAR), which provides gridded global greenhouse gas emission
datasets. These data are spatially aggregated to the city level using ArcMap 10.8.1-based
zonal statistics to derive total economy-wide carbon emissions for each city.

Data on agricultural inputs and outputs, as well as other control variables, are sourced
from the EPS Data Platform, the China City Statistical Yearbook, and statistical yearbooks of
the three provinces in the Yangtze River Delta, including the Jiangsu Rural Statistical Yearbook.
For a small number of missing or inconsistent observations due to differences in statistical
calibration across sources, data are supplemented through official statistical bulletins and
inquiries with local statistical bureaus. Remaining missing values are interpolated using a
linear interpolation method.

Descriptive statistics of all variables are reported in Table 4.

Table 4. Descriptive Statistics of Variables.

Variable Obs Mean Std. Dev. Min Max

Agricultural green total factor
productivity (AGTFP) 600 1.023 0.178 0.224 2.351

Carbon emission network centrality
(CENC) 600 0.5 0.290 0 1

Urban–rural income gap (Theil) 600 0.056 0.030 0.012 0.202

Water resource management intensity
(Conservancy) 600 0.549 0.145 0.053 1.12

Industrial structure (ind) 600 1.074 0.307 0.456 2.887

Agricultural machinery density
(machine) 600 7.468 1.925 3.384 15.556

Urbanization level (urban) 600 61.636 12.279 5.650 87.2

Labor input (labor) 600 0.220 0.148 0.022 0.885

Economic development level (lnpgdp) 600 11.109 0.621 9.157 12.445

5. Analysis of Empirical Findings
5.1. Baseline Regression Results

Table 5 reports the estimation results of the relationship between carbon emission net-
work centrality (CENC) and agricultural green total factor productivity (AGTFP). Column
(1) includes only city and year fixed effects, and the coefficient of CENC is 0.2792, which
is statistically significant at the 1% level. In Column (2), additional control variables are
included, and the coefficient slightly decreases to 0.2665 while remaining highly significant,
indicating that the baseline result is robust to the inclusion of covariates.

Column (3) includes only city fixed effects without controlling for time effects, yield-
ing a coefficient of 0.2341, significant at the 5% level, suggesting that the results are not
driven by time trends alone. In contrast, Column (4), which includes only year fixed ef-
fects, produces an insignificant coefficient of 0.0019. Similarly, Column (5), which excludes
both city and year fixed effects, also yields an insignificant estimate (0.0322), indicat-
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ing that failure to control for unobserved city-level heterogeneity leads to substantial
estimation bias.

Table 5. Benchmark results.

(1) (2) (3) (4) (5)

lnAGTFP lnAGTFP lnAGTFP lnAGTFP lnAGTFP

CENC 0.2792 *** 0.2665 *** 0.2341 ** 0.0019 0.0322

(2.96) (2.96) (2.65) (0.10) (1.38)

Controls NO YES YES YES YES

_cons −0.1321 *** 0.6986 0.5790 0.0686 −0.1730

(−2.80) (1.31) (1.52) (0.54) (−1.27)

YEAR YES YES NO YES NO

CITY YES YES YES NO NO

N 600 600 600 600 600

R2 0.180 0.187 0.089 0.143 0.039
*** represents 1% significance level; ** represents 5%; * represents 10%; t-statistics are reported in
parentheses. The same convention is applied below.

Overall, these results highlight the importance of accounting for time-invariant city
characteristics in model specification. Therefore, Column (2), which incorporates both city
and year fixed effects along with control variables, is selected as the preferred specification.

The estimated coefficient implies that a one-unit increase in CENC is associated
with an approximately 26.65% increase in AGTFP, given the semi-elastic interpretation
of the logarithmic dependent variable. This finding supports Hypothesis H1, indicating
that higher carbon emission network centrality is significantly positively associated with
agricultural green transformation.

To examine the potential mechanisms underlying the relationship between CENC
and AGTFP, this study decomposes the Global Malmquist–Luenberger (GML) index into
technical efficiency change (EC) and technological change (TC), which are subsequently
used as dependent variables in separate regressions.

The results reported in Table 6 indicate that CENC is significantly positively associated
with EC, with a coefficient of 0.1269 that is statistically significant at the 1% level. In contrast,
its association with TC is statistically insignificant.

Table 6. Mechanism Decomposition Regression Results.

(1) (2)

EC TC

CENC 0.1269 *** 0.0639

(2.76) (0.60)

Controls YES YES

_cons 1.0915 ** 1.6664 ***

(2.32) (2.95)

Year YES YES

City YES YES

N 600 600

R2 0.079 0.141
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This pattern is consistent with the characteristics of agricultural development in the
Yangtze River Delta. As one of the most advanced agricultural regions in China, cities such
as Shanghai, southern Jiangsu, and northern Zhejiang have already reached a relatively high
level of green agricultural technology, leaving limited scope for short-term frontier-shifting
innovation through spatial network linkages.

By contrast, substantial heterogeneity persists across cities in terms of technology
adoption capacity, managerial efficiency, and resource allocation. Intercity network linkages
facilitate the diffusion of existing green technologies through labor mobility, information
exchange, and industrial collaboration. As a result, less-developed regions gradually catch
up to the existing production frontier, primarily through improvements in efficiency rather
than innovation-driven technological progress.

Accordingly, Hypothesis H2a is not supported, while H2b is empirically confirmed.

5.2. Threshold Regression Analysis

Table 7 reports the results of the threshold effect tests. The findings show that the single-
threshold model yields an F-statistic of 50.13 with a p-value below 0.001, which is statistically
significant at the 1% level, indicating the existence of a robust single threshold effect.

Table 7. Threshold Effect Test Results.

Threshold Type F-Statistic p-Value 10% 5% 1% BS

Single threshold 50.13 0.000 14.963 19.773 26.930 1000

Double threshold 15.9 0.050 12.016 15.815 30.371 1000

Triple threshold 10.91 0.434 22.372 26.863 38.598 1000

For the double-threshold specification, the F-statistic is 15.90 with a p-value of 0.050,
which lies at the conventional 5% significance boundary. Although this result suggests
weak evidence of a second threshold effect, it does not provide sufficiently strong statistical
support at stricter significance levels.

In contrast, the triple-threshold model produces an F-statistic of 10.91 with a p-value
of 0.434, indicating no statistically significant evidence of a third threshold effect.

Overall, the results suggest that the relationship between carbon emission network
centrality (CENC) and agricultural green total factor productivity (AGTFP) is best char-
acterized by a single threshold specification. Accordingly, the single-threshold model is
adopted in subsequent analyses.

Table 8 reports the results of the threshold regression analysis. The estimated threshold
value of the Theil index is 0.1043, with a 95% confidence interval of [0.1009, 0.1048]. Figure 3
presents the likelihood-ratio (LR) profile of the threshold estimation and visually illustrates
the location of the estimated threshold and its confidence interval.

Table 8. Threshold Regression Results.

Variables Single Threshold

CENCit · I(Theil ≤ 0.1043) 0.188 **
(2.19)

CENCit · I(Theil > 0.1043) −2.053 *
(−1.84)

Controls YES

R2 0.131
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Figure 3. Likelihood-ratio statistics and the estimated threshold of the Theil index.

When the urban–rural income gap is below the threshold value, the coefficient of CENC
is 0.188 and statistically significant at the 5% level, suggesting that higher network centrality
is positively associated with AGTFP in regions with relatively balanced income distribution.

Above the threshold, the estimated association becomes negative, although the coeffi-
cient is statistically significant only at the 10% level.

These results suggest that the urban–rural income gap plays a critical nonlinear role in
moderating the relationship between CENC and AGTFP. Specifically, when inequality exceeds
the threshold of 0.1043, the beneficial spillover effects of carbon emission network linkages
are significantly weakened and may even turn negative. This finding highlights the existence
of a risk threshold in regional development, providing quantitative evidence for designing
more targeted and differentiated regional coordination and emission reduction policies.

5.3. Moderating Effect Analysis

To examine whether water resource management intensity moderates the relationship
between carbon emission network centrality (CENC) and agricultural green total factor
productivity (AGTFP), this study introduces the interaction term between CENC and water
resource management intensity (CENC × Conservancy) into the baseline regression model.
The estimation results are reported in Table 9. The coefficient of the interaction term is 0.347
and statistically significant, indicating that water resource management intensity positively
moderates the relationship between CENC and AGTFP. Because both CENC and water
resource management are mean-centered, the coefficient of water resource management
represents its conditional association with AGTFP at the mean level of CENC and should
not be interpreted independently as its general association with AGTFP. More importantly,
the positive interaction coefficient indicates that the marginal association between CENC
and AGTFP increases as the level of water resource management rises.

To further clarify how the association between CENC and AGTFP varies across differ-
ent levels of water resource management, we calculate the marginal effects of CENC at the
25th percentile, mean, and 75th percentile of water resource management. The marginal
effects are 0.2352, 0.2577, and 0.2802, respectively. All three marginal effects are statistically
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significant at the 5% level. These results indicate that the positive association between
CENC and AGTFP becomes stronger as the level of water resource management increases.

Table 9. Moderating Effect Regression Results.

(1)

lnAGTFP

CENC 0.258 ***

(2.89)

Conservancy −0.214 **

(−2.14)

CENC × Conservancy 0.347 **

(2.09)

Controls YES

_cons 0.771

(1.45)

Year YES

City YES

N 600

R2 0.194

As shown in Figure 4, the marginal effect of CENC remains positive and statistically
significant across the representative levels of water resource management, while its magni-
tude increases from 0.2352 at the 25th percentile to 0.2802 at the 75th percentile. The shaded
area represents the 95% confidence interval of the marginal effect. These findings provide
further support for Hypothesis H4, suggesting that effective water resource management
serves as an important enabling condition for translating intercity carbon-related linkages
into agricultural green development benefits.

 

Figure 4. Marginal Effect of CENC across Water Resource Management Levels.
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5.4. Heterogeneity Analysis

To further examine whether the effect of carbon emission network centrality (CENC)
on agricultural green total factor productivity (AGTFP) varies with the level of agricultural
development, this study conducts a heterogeneity analysis based on agricultural labor
productivity. Agricultural labor productivity is measured as agricultural output divided
by the number of employees in the primary industry. The sample is divided into high-
and low-agricultural-labor-productivity groups according to the sample median. The
estimation results are reported in Table 10.

Table 10. Regional Heterogeneity Analysis.

(1) (2)

lnAGTFP lnAGTFP

area 0.1533 0.3656 **

(1.31) (2.48)

_cons 1.2838 0.3544

(1.58) (0.53)

Year YES YES

City YES YES

N 299 300

R2 0.210 0.213

Chow test 0.1797 *

The subgroup regression results show that the coefficient of CENC is 0.1533 in the
low-agricultural-labor-productivity group, but it is not statistically significant. In contrast,
the coefficient of CENC is 0.3656 in the high-agricultural-labor-productivity group and
is statistically significant at the 5% level. These results suggest that CENC has a more
evident positive association with AGTFP in regions with higher agricultural labor pro-
ductivity. However, differences in statistical significance across the two subgroups alone
do not establish that the coefficients are statistically different from each other. Therefore,
we further conduct a formal coefficient-difference test using an interaction term in the
full sample.

To formally assess whether the difference between the two subgroup coefficients is
statistically significant, we further introduce an interaction term between CENC and an
indicator for high agricultural labor productivity in the full sample. The difference in
the CENC coefficients is therefore statistically significant at the 10% level. The positive
interaction coefficient suggests that the estimated effect of CENC is stronger in regions with
higher agricultural labor productivity.

This heterogeneity may reflect differences in the capacity of agricultural systems to
translate improvements in environmental conditions and external network linkages into
productivity gains. Regions with higher agricultural labor productivity may have a stronger
agricultural production base, greater capacity for technology adoption, and more efficient
allocation of agricultural resources, which may facilitate the conversion of environmental
and network-related advantages into improvements in AGTFP. However, these potential
explanations are not directly tested in the present study and should therefore be regarded
as plausible interpretations rather than established causal mechanisms.

Overall, the results suggest that the productivity-enhancing effect of CENC is hetero-
geneous across regions with different levels of agricultural labor productivity. Compared
with the original province-based classification, this approach focuses on an economically
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meaningful dimension of agricultural development and provides a formal statistical test of
whether the estimated CENC effects differ across groups.

5.5. Robustness Tests

To verify the reliability of the baseline results, this study conducts a series of robustness
checks from multiple perspectives.

5.5.1. Alternative Measurements of the Key Variables

The measurement of the core explanatory variable is first modified by reconstructing
the carbon emission network based on non-agricultural carbon emissions. The resulting
indicator, denoted as NCENC (Non-agricultural Carbon Emission Network Centrality), is
then used in place of CENC in the regression model. The coefficient of NCENC remains
positive and statistically significant, indicating that the baseline finding is robust to an
alternative definition of carbon emissions used to construct the network.

We further employ a residual-based approach to examine whether the relationship
between network centrality and AGTFP is sensitive to differences in city-level economic
and emission scales. Specifically, the original degree centrality measure is regressed on per
capita GDP, population size, and total carbon emissions, and the resulting residual is used as
an alternative measure of network centrality purged of these observable scale-related factors.
The coefficient of the residual-based centrality measure remains statistically significant,
providing further evidence that the positive association between carbon emission network
position and AGTFP is not fully explained by differences in economic scale, population
size, or emission scale. The robustness results for this subsection are reported in Panel A of
Table 11.

Table 11. Robustness tests (alternative measurements of the key variables).

(1) (2) (3)

lnAGTFP lnAGTFP lnAGTFP

CENC 0.2544 ***

(2.74)

NCENC 0.1762 *

(1.95)

CENC_res 0.2239 **

(2.20)

Controls YES YES YES

_cons 1.6219 0.5631 0.7885

(0.62) (1.02) (1.43)

Year YES YES YES

City YES YES YES

N 600 600 600

R2 0.203 0.178 0.183

5.5.2. Alternative Model Specifications and Temporal Ordering

To examine whether the results are sensitive to the timing of the explanatory variable,
CENC is lagged by one period and reintroduced into the baseline two-way fixed-effects
model. The coefficient of lagged CENC remains positive and statistically significant. This
specification provides a temporal-ordering check and reduces concerns that the baseline
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association is driven by contemporaneous reverse causality, although it does not by itself
establish causal identification.

As a further specification check, the dependent variable is replaced by the original
GML index rather than its logarithmic transformation. The estimated coefficient of CENC
remains positive and statistically significant, indicating that the main finding is robust to
the functional form used for the AGTFP measure.

Finally, to examine whether the main findings are sensitive to the unusual conditions
associated with the COVID-19 pandemic, observations from 2020–2022 are excluded from
the sample and the baseline model is re-estimated. The coefficient of CENC remains
positive and statistically significant, suggesting that the main finding is not attributable
to the inclusion of these pandemic-period observations. The robustness results for this
subsection are reported in Panel B of Table 12.

Table 12. Robustness tests (Alternative Model Specifications and Temporal Ordering).

(1) (2) (3)

lnAGTFP AGTFP lnAGTFP

CENC 0.1689 ** 0.2475 **

(2.15) (2.66)

CENC_lag 0.2688 ***

(3.24)

Controls YES YES YES

_cons 0.6966 1.8350*** 1.0024

(1.09) (3.96) (1.47)

Year YES YES YES

City YES YES YE

N 560 600 480

R2 0.193 0.165 0.199

5.5.3. Alternative Network Constructions

To examine whether the main findings are sensitive to the construction of the carbon
emission network, three additional robustness checks are conducted.

First, alternative network thresholds are adopted to assess whether the results depend
on the choice of the baseline global median threshold. Specifically, the global mean and
the 75th percentile of the gravity values across all cities and years are used as alternative
thresholds. The estimated coefficients of CENC remain positive and statistically significant,
with coefficients of 0.1841 and 0.1499, respectively. These results suggest that the positive
association between CENC and AGTFP is not driven by the specific choice of the global
median threshold.

Second, to address the potential information loss associated with converting the contin-
uous gravity matrix into a binary network, a continuous weighted carbon emission network
is constructed. Given the highly right-skewed distribution and substantial heterogeneity
in the magnitude of the original gravity values, directly using the raw gravity values may
allow a small number of extremely strong intercity linkages to disproportionately influence
weighted network centrality. Therefore, the original gravity values are normalized by the
annual mean gravity value. Specifically, the weight of the linkage between cities i and
j in year t is defined as wijt = Gijt/Ḡt, where Gijt denotes the original gravity value and
Ḡt represents the mean gravity value across all city pairs in year t. This normalization
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preserves the relative strength of intercity linkages within each year while improving the
comparability of network weights across years.

Based on the resulting continuous weighted network, weighted network centrality is
calculated for each city. The estimated coefficient of weighted network centrality is 0.0658 and
remains positive and statistically significant at the 10% level. This result provides additional
evidence that the positive association between carbon emission network centrality and AGTFP
is not solely attributable to the binary representation of intercity carbon emission linkages.
The robustness results for this subsection are reported in Panel C of Table 13.

Table 13. Robustness tests (Alternative Network Constructions).

(1) (2) (3)

lnAGTFP lnAGTFP lnAGTFP

CENC (Mean threshold) 0.1841 **

(2.32)

CENC (75th percentile threshold) 0.1499 **

(2.21)

Weighted CENC 0.0658 *

(1.77)

Controls YES YES YES

_cons 0.3359 0.2706 0.5568

(0.64) (0.54) (0.99)

Year YES YES YES

City YES YES YES

N 600 600 600

R2 0.179 0.179 0.177

5.5.4. Alternative AGTFP Measurement

To further examine whether the main findings are sensitive to the methodology used
to measure agricultural green total factor productivity, an alternative AGTFP measure is
constructed using a slack-based directional distance function (SBM-DDF) with a max–min
directional vector and a vector of the original data [43]. Specifically, the directional vector
is constructed based on the observed ranges of the relevant input, desirable-output, and
undesirable-output variables. The resulting efficiency scores are subsequently used to
construct an alternative GML index.

The baseline two-way fixed-effects model is then re-estimated using the alternative
AGTFP measure. The coefficient of CENC remains positive and statistically significant, and
its sign is consistent with the baseline estimate. This result indicates that the positive asso-
ciation between carbon emission network centrality and AGTFP is robust to an alternative
productivity measurement framework and directional-vector specification. The robustness
results for this subsection are reported in Panel D of Table 14.

Table 14. Robustness tests (Alternative AGTFP Measurement).

(1) (2)

lnAGTFP lnAGTFP

area 0.0297 ** 0.0986 **

(2.4) (2.46)
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Table 14. Cont.

(1) (2)

lnAGTFP lnAGTFP

_cons 0.0606 0.2716

(0.66) (1.31)

Year YES YES

City YES YES

N 600 600

R2 0.152 0.169

6. Discussion and Policy Implications
6.1. Discussion

This study investigates the relationship between carbon emission network central-
ity (CENC) and agricultural green total factor productivity (AGTFP) using panel data
from 40 cities in the Yangtze River Delta from 2010 to 2024. By integrating a super-
efficiency SBM model, social network analysis, and panel regression models, this study
reveals the mechanisms through which intercity carbon linkages influence agricultural
green transformation.

The results demonstrate that there is a significant positive association between CENC
and AGTFP, and this relationship remains robust under various alternative specifications.
Further decomposition of the GML index indicates that the improvement in AGTFP is
primarily driven by technical efficiency change (EC) rather than technological progress (TC).
This suggests that carbon emission networks mainly facilitate the diffusion and application
of existing green technologies, improve resource allocation efficiency, and help agricultural
sectors in peripheral cities approach the production frontier. However, breakthroughs in
technological progress require long-term innovation accumulation and are less likely to be
achieved through short-term network spillovers.

Moreover, the threshold analysis reveals that the relationship between CENC and
AGTFP is conditional on the urban–rural income gap. When the income gap remains below
the threshold level, carbon emission network linkages generate positive spillover effects by
improving the capacity of rural areas to absorb green technologies and optimize production
practices. Once the gap exceeds the threshold, however, the positive association weakens
and turns negative, suggesting that excessive urban–rural inequality may constrain the
transmission and realization of network-based green development benefits.

The moderating analysis further shows that water resource management strengthens
the positive effect of CENC on AGTFP. Regions with better agricultural water management
systems possess stronger capabilities to absorb and implement low-carbon technologies,
indicating that infrastructure and resource management conditions are important comple-
mentary factors for transforming network connectivity into green productivity gains.

The heterogeneity analysis further shows that the positive association between CENC
and AGTFP is more pronounced in regions with higher agricultural labor productivity. The
formal coefficient-difference test confirms a statistically significant difference between the
two groups at the 10% level. This finding suggests that agricultural development capacity
may condition the extent to which cities benefit from their positions within carbon emission
networks. However, the underlying mechanisms are not directly tested and therefore
warrant further investigation.
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6.2. Policy Implications

The findings of this study provide several policy implications for promoting agricul-
tural green transformation through regional coordination and network governance.

First, regional governments should strengthen cross-city coordination in carbon emis-
sion management and make greater use of intercity network linkages. The positive as-
sociation between CENC and AGTFP suggests that carbon emission governance should
not be considered solely from the perspective of individual cities. Greater coordination in
environmental information sharing, green technology exchange, and resource allocation
may help cities better utilize their positions within regional carbon emission networks.
In particular, cities occupying more central positions could be encouraged to participate
in regional cooperation and knowledge-sharing platforms, while less-connected cities
could be supported in improving their access to green technologies and environmental
management practices.

Second, policies should pay greater attention to urban–rural income disparities when
promoting green agricultural transformation. The threshold analysis indicates that the
CENC–AGTFP association varies across different levels of urban–rural income inequality,
with a weaker and potentially negative association observed above the estimated threshold.
This finding highlights the importance of improving the inclusiveness of regional green
development. Policies aimed at narrowing urban–rural disparities, improving rural human
capital and agricultural infrastructure, and expanding rural access to green technologies
may help create more favorable conditions for translating regional network linkages into
agricultural green productivity gains. However, these measures should be understood as
policy directions rather than mechanisms directly verified by the present study.

Third, water resource management should be incorporated into strategies for coor-
dinating carbon reduction and agricultural green development. The moderation analysis
shows that stronger water resource management is associated with a stronger positive
CENC–AGTFP relationship. Accordingly, policymakers should strengthen water-saving
irrigation, agricultural water-use efficiency, and water resource management capacity, while
promoting coordination between water conservation, carbon reduction, and agricultural
modernization. Such integrated governance may create more favorable conditions for the
positive association between carbon emission network centrality and AGTFP.

Finally, differentiated policies should be adopted according to regional development
conditions. The heterogeneous relationship between CENC and AGTFP across regions
with different agricultural labor productivity levels indicates that the capacity to trans-
late network-related advantages into agricultural green productivity may vary with local
agricultural development conditions. Therefore, regional coordination policies should
be complemented by locally appropriate measures that strengthen agricultural produc-
tivity, technological adoption, and resource allocation capacity. Rather than applying a
uniform policy across cities, policymakers should consider differences in agricultural de-
velopment foundations and institutional conditions when designing network-based green
transformation strategies.

7. Limitations and Future Research
Despite the above findings, several limitations should be acknowledged.
First, a potential mechanical overlap exists between agricultural inputs and agricul-

tural carbon emissions in the construction of AGTFP. Some agricultural inputs, such as
fertilizer, pesticide, and energy use, are also important sources of agricultural carbon emis-
sions. Consequently, incorporating agricultural carbon emissions as an undesirable output
alongside these input variables may introduce a certain degree of mechanical linkage into
the efficiency measurement. We acknowledge that alternative undesirable-output measures
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could help assess the sensitivity of the estimated AGTFP to this potential overlap. However,
constructing an alternative undesirable-output indicator that is both theoretically compara-
ble to agricultural carbon emissions and continuously and consistently measured across all
40 prefecture-level cities throughout the sample period remains challenging. We therefore
retain agricultural carbon emissions as the undesirable output because they directly capture
the environmental dimension of agricultural green total factor productivity examined in
this study. Nevertheless, this potential mechanical overlap represents a limitation of the
current measurement framework, and future research could further address this concern
by employing alternative environmental-output measures that are consistently available at
the city level.

Second, the mechanisms underlying the threshold relationship are not directly veri-
fied. Although the threshold regression reveals a nonlinear relationship across different
regimes, the estimated threshold pattern alone does not allow us to disentangle the relative
contributions of potential channels, such as rural human capital, agricultural infrastructure,
and technology absorption. Therefore, we refrain from attributing the observed threshold
pattern to any specific mechanism without more direct evidence. Future research could
build on this study by examining these potential channels in greater detail and investigating
how they contribute to the nonlinear relationship identified here.

Third, potential endogeneity remains a limitation of the empirical analysis. Although
the two-way fixed-effects model controls for time-invariant city characteristics and common
time shocks, potential endogeneity concerns cannot be completely ruled out. In particular,
time-varying omitted factors may simultaneously affect carbon emission network centrality
and agricultural green total factor productivity, while reverse causality may also arise
if changes in agricultural green productivity subsequently affect a city’s position in the
carbon emission network. The lagged-CENC specification provides a temporal-ordering
robustness check, but it does not fully resolve these endogeneity concerns. Future research
could employ more rigorous identification strategies, such as instrumental-variable ap-
proaches or quasi-experimental designs, when suitable instruments or exogenous policy
shocks become available.

Fourth, the empirical analysis is limited to cities in the Yangtze River Delta, which
constrains the external validity of the findings. The YRD is a highly interconnected urban
agglomeration with distinctive economic, industrial, agricultural, and environmental char-
acteristics. These regional features may shape both intercity carbon emission networks
and agricultural green productivity, meaning that the estimated CENC–AGTFP association
may not necessarily be transferable to other regions. Therefore, the findings should be
interpreted primarily within the context of the YRD rather than as universally applicable to
other Chinese urban agglomerations. Future research could extend the analysis to other
regions and conduct cross-regional comparisons, such as with the Pearl River Delta, to
examine whether the observed relationship is robust across different regional contexts.

Taken together, these limitations point to several promising directions for future
research, including improving city-level environmental-output measurements, directly test-
ing the mechanisms underlying nonlinear relationships, strengthening causal identification,
and conducting cross-regional validation.
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