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Improving production efficiency and promoting green transformation are essential
pathways toward ensuring food security and advancing sustainable agricultural
development. This study focused on 15 major wheat-producing provinces in China
and employed a three-stage DEA-GML model to measure the green total factor
productivity (GTFP) of wheat from 2004 to 2022, adjusting for environmental
variables and random disturbances. The evolution and spatial dynamics of GTFP
were further examined using both global and local Moran’s | indices, along with
kernel density estimation. The study produced the following results: (1) After
adjusting with the three-stage DEA-GML model, the average GTFP of major
wheat-producing areas was 1.006, lower than the first-stage unadjusted mean
of 1.028. This indicates that eliminating the influence of external environmental
factors and random errors enhances the robustness and scientific validity of
the efficiency estimates. (2) Over time, the adjusted GTFP of wheat exhibited a
fluctuating upward trend, with technological progress (TC) contributing slightly
more to GTFP growth than technical efficiency (EC). At the regional level, the
Huang-Huai-Hai wheat advantage zone achieved the highest average GTFP of
1.016, with strong performance in both EC and TC. In contrast, the Southwest wheat
zone recorded the lowest average GTFP of 0.986, where lagging technological
progress constrained overall efficiency. (3) Spatial analysis revealed significant
positive spatial autocorrelation in wheat GTFP from 2005 to 2012, followed by
a weakening of spatial clustering and an expansion of interregional disparities
after 2012. Kernel density analysis further showed that the distribution of wheat
GTFP evolved from a unimodal to a bimodal or multimodal pattern, indicating
an intensifying spatial divergence in green production efficiency. These findings
provide valuable insights for enhancing wheat productivity and advancing the
green transformation of agriculture.
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1 Introduction

With the continuous advancement of ecological civilization, China’s
agricultural development is gradually shifting from a yield-oriented
paradigm to one that emphasizes green and high-efficiency growth. As
a resource-intensive sector, agriculture plays a vital role in ensuring food
security and supporting economic development, yet it also faces
significant challenges, including excessive resource exploitation,
non-point source pollution, and ecological degradation. In response, the
Chinese government has introduced a series of measures to curb
agricultural non-point source pollution and energy consumption,
aiming to achieve a balance between environmental sustainability and
output growth. The 14th Five-Year Plan mandates that by 2025 the use
of chemical fertilizers for major crops must experience zero or negative
growth, while pesticide application should continue to decline. Against
this context of high-quality agricultural development, characterized by
both quantity expansion and quality enhancement, methods for
effectively improving agricultural green total factor productivity (GTFP)
and achieving the dual goals of production efficiency and environmental
protection have become a central concern for China’s agricultural sector
(Huang et al., 2022; Xu et al., 2019).

Traditional total factor productivity (TFP) models often
emphasize gains in efficiency through increased inputs, such as labor
and capital, while overlooking issues related to resource depletion
and environmental pollution. Green total factor productivity offers a
more comprehensive metric for evaluating agricultural performance.
It extends beyond the conventional input-output relationship of TFP
by incorporating resource use and environmental impacts into the
measurement framework (Lin and Chen, 2018). This approach
provides a more accurate reflection of both productivity and
sustainability, highlighting environmental friendliness and the
efficient use of resources (He and Han, 2024; Liu and Feng, 2019).
Existing studies on agricultural GTFP have primarily employed
conventional DEA and stochastic frontier analysis (SFA) methods (Li
etal, 2017; Liu et al,, 2021). Although widely applied, these models
often fail to account for external environmental conditions and
stochastic disturbances adequately, resulting in substantial deviations
between measured and actual efficiency (Adamie et al., 2019). In
contrast, the three-stage DEA model improves estimation accuracy
by optimizing slack variables and eliminating the influence of
external environmental factors, thereby correcting data asymmetries
and random noise (Zhang et al., 2017; Yin et al., 2019).

In the context of agricultural green transformation, wheat as one
of China’s three staple food crops, plays a pivotal role in ensuring
national food security and advancing ecological civilization. With
wide geographic coverage, high yield, and strong adaptability, wheat
serves as a cornerstone of both the food supply and emergency reserve
systems in China (Zhang et al., 2023). In recent years, supported by
technological advancements and favorable policies, Chinas wheat
output has increased steadily. According to data from the National
Bureau of Statistics, the total wheat production in 2024 reached
140 million tons, accounting for 17.6% of global output. However, the
long-standing reliance on resource-intensive practices in wheat
cultivation, characterized by excessive use of chemical fertilizers and
pesticides and inefficient water utilization, have not only diminished
farm profitability but also exacerbated agricultural non-point source
pollution and greenhouse gas emissions, thereby constraining the
sustainable development of the wheat sector.
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Against this backdrop, there is an urgent need to assess wheat GTFP
accurately using robust scientific methods, identify key drivers of
efficiency improvement, and uncover regional disparities. Such insights
are essential to inform evidence-based policymaking and guide the
dissemination of green technologies. To this end, this study employed a
three-stage Data Envelopment Analysis-Global Malmquist-Luenberger
(DEA-GML) model based on panel data from 15 major wheat-
producing provinces in China spanning the years 2004-2022. A
comprehensive GTFP indicator system incorporating both fertilizer-
induced non-point source pollution and carbon emissions associated
with wheat production was constructed. Furthermore, global and local
Morans I indices, along with kernel density estimation, were applied to
evaluate the spatial and temporal evolution of wheat GTFP across
regions in China systematically. The goal of the study was to provide a
theoretical foundation and policy reference for promoting regionally
differentiated strategies for green wheat development.

Compared with the results of existing studies, the main marginal
contributions of this paper are as follows: (1) This study is the first to
introduce the three-stage DEA-GML model into the measurement of
wheat GTFP, thus addressing the limitations of conventional DEA
models that confound environmental factors, random errors, and
managerial inefficiency. By applying SFA in the second stage to isolate
the influence of exogenous factors, the resulting efficiency estimates
more closely reflect the true level of technical efficiency, thereby
enhancing the scientific rigor of the results. (2) From the perspective
of green development, this study incorporates carbon emissions and
fertilizer-related non-point source pollution as undesirable outputs in
constructing a more comprehensive GTFP indicator system for wheat.
This approach better captures the ecological costs and environmental
externalities embedded in the wheat production process and aligns
with the growing emphasis of the national dual-carbon strategy on
assessing green production efficiency. (3) Building on the efficiency
estimates, the study further applies both global and local spatial
autocorrelation indicators to identify spatial clustering and
evolutionary patterns of wheat GTFP across different years. Kernel
density estimation is also employed to trace the evolution of its
distributional characteristics. This integrated analytical framework not
only enriches the methodological dimensions of green TFP research
but also provides more targeted theoretical support for regional
policy design.

The remainder of this paper is organized as follows: Section 2
presents a brief review of the relevant literature, Section 3 describes
the research methodology, Section 4 discusses variable selection and
data sources, Section 5 reports the empirical results, which are
followed by further discussion in Section 6. Finally, Section 7
concludes the paper and offers policy recommendations.

2 Literature review

2.1 Measurement methods for agricultural
green total factor productivity

In recent years, green total factor productivity (GTFP) has
received increasing attention in the field of agriculture (Grzelak et al.,
2019; Liu et al., 20205 Fei and Lin, 2017). Compared to traditional total
factor productivity (TFP), GTFP extends the conventional evaluation
framework by incorporating unintended environmental impacts, such
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as pollution, into the analysis, thereby enabling a more accurate
assessment of both economic efficiency and ecological performance
in agricultural production (Luo et al.,, 2023).

Regarding the measurement of GTFP (see Table 1), the literature has
evolved from static to dynamic approaches and from single-dimensional
to multi-dimensional frameworks (Benedetti et al., 2019; Gong, 2018;
Emrouznejad and Yang, 2018). Early studies primarily employed Data
Envelopment Analysis (DEA) to assess GTFP (Fried et al., 2002; Chung
et al., 1997), but the radial nature of traditional DEA models limited
their ability to handle undesirable outputs and non-radial inputs
effectively (Charnes et al.,, 1978). To address this shortcoming, alternative
models such as the non-radial Slack-Based Measure (SBM) model
(Tone, 2001) and the Directional Distance Function (DDF) were
developed. To measure productivity changes dynamically, Chung et al.
(1997) proposed the Malmquist-Luenberger (ML) index, which uses
distance functions to capture efficiency variations (Chung et al., 1997).
Pastor and Lovell (2005) further advanced this approach by developing
a global benchmark method that constructs a unified frontier across all
periods (Pastor and Lovell, 2005), leading to the Global Malmquist—
Luenberger (GML) index (Oh, 2010). The GML index not only provides
a more objective measurement of dynamic efficiency change but also
enhances the stability of the results.

However, these methods are generally unable to eliminate the
confounding effects of external environmental factors and random

TABLE 1 Typical papers of AGTFP.

10.3389/fsufs.2025.1615861

noise. To overcome this limitation, Fried et al. (2002) proposed the
three-stage DEA model (Fried et al., 2002), which incorporates SFA to
adjust the slack variables derived in the first stage (O’Donnell and Coelli,
2005). This approach effectively filters out the influence of environmental
and stochastic disturbances, thereby improving the accuracy of
efficiency measurement (Tone and Tsutsui, 2014). The three-stage DEA
model has been widely applied to efficiency assessments across diverse
sectors, including agriculture (Li H. S. et al., 2018), forestry (Lin and Ge,
2019), construction (Zhang et al., 2018), industry (Zhang et al., 2017),
water resources (Lu and Xu, 2019), and energy (Zhao et al., 2019).

In the wheat sector, some studies have employed methods such as
the super-efficiency SBM model to measure wheat production efficiency
in China (Fei and Lin, 2017; Grzelak et al., 2019; Liu et al., 2020) and
explore the effects of environmental regulations (Huang et al., 2021).
Nevertheless, existing research on indicator system construction remains
limited, as most studies have considered only agricultural carbon
emissions (ACE) as a single undesirable output (West and Marland,
2002), neglecting the severe negative externalities of agricultural
non-point source pollution (ANSP) on ecosystems (Liao et al., 2021; Liu
etal,, 2021). This omission restricts the comprehensiveness and precision
of green efficiency evaluations (Li et al., 2011; Solomon, 2007). Therefore,
it is necessary to build a more integrated undesirable output system
within the three-stage DEA-GML framework by jointly incorporating
carbon emissions and non-point source pollution, thereby enabling a

References Application Study area Technique Outputs
Inputs: Labor, Land, Desired Output: Actual
Machinery Power, Water, Agricultural Output Value
30 Provinces of
Chen et al. (2025) AGTFP Chi 2000-2018 Three-Stage DEA Energy, Capital, Human Undesirable Outputs: Carbon
ina
Capital, Fertilizer, Pesticides, Emissions, Agricultural Non-
Plastic Film Point Source Pollution
Desired Output: Gross Domestic
Product (GDP)
30 Provinces of Inputs: Labor, Machinery,
Chen et al. (2021) AGTFP 2000-2017 Three-Stage DEA Undesirable Outputs: CO,
China Fertilizer, Energy
Emissions, Non-Point Source
Pollution
Inputs: Labor, Land, Desired Output: Total
30 Provinces of Machinery Power, Fertilizer, Agricultural Output
Liu et al. (2021) AGTFP 2003-2017 Three-Stage SBM
China Pesticides, Plastic Film, Undesirable Output: Carbon
‘Water Emissions
Inputs: Labor Days, Seed
Desired Output: Wheat Yield
Costs, Pure Fertilizer
Undesirable Outputs: Fertilizer
15 China’s major Super-Efficiency Quantity, Pesticide Costs,
Dai and Xu (2022) wheatGTFP 2004-2019 Non-Point Source Pollution,
wheat provinces SBM Model Machinery Operation Costs,
Pesticide Non-Point Source
Irrigation & Drainage Fees,
Pollution, Carbon Emissions
Land Costs
Inputs: Fertilizer Costs, Seed
15 China’s major Desired Output: Wheat Yield
Li H. etal. (2018) wheatGTFP 2006-2015 DEA-Malmquist | Costs, Machinery Operation
wheat provinces per Unit Area
Costs, Other Costs
Desired Output: Wheat Yield
SBM— Inputs: Labor Input, Seed
15 China’s major per Unit Area
Huang et al. (2021) wheatGTFP 1998-2016 Malmquist- Input, Fertilizer Input,
wheat provinces Undesirable Outputs: Fertilizer,
Luenberger Other Factor Inputs
Solid Waste
Frontiers in Sustainable Food Systems 03 frontiersin.org
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more accurate assessment of the synergy between wheat production
efficiency and ecological performance.

2.2 Spatial evolution of agricultural green
total factor productivity

With the growing application of spatial econometric methods,
increasing attention has been paid to the spatial distribution patterns,
clustering characteristics, and dynamic transitions of agricultural
GTFP (Areal et al, 2012). Existing studies commonly employ
Exploratory Spatial Data Analysis (ESDA) techniques, particularly
global and local Moran’s I indices, Local Indicators of Spatial
Association (LISA) cluster maps, and hotspot analysis methods, which
are effective in identifying spatial agglomeration and dispersion trends
in agricultural efficiency (Zhang et al., 2021; Wang et al., 2025). For
instance, Zhang et al. (2024) utilized a combination of tools including
standard deviational ellipses and kernel density estimation to analyze
the spatial distribution patterns of agricultural GTFP in China and
trace their evolution across regions (Zhang et al., 2024).

However, much of the current literature on spatial analysis focuses
on overall agriculture or aggregated crop productivity, and spatially
explicit studies on the GTFP of specific crops such as wheat remain
relatively underexplored. Dai and Xu (2022), using wheat as a case
study, found significant spatial heterogeneity and regional disparities
in GTFP growth trends through global GML index analysis (Dai and
Xu, 2022). Lu et al. (2020) employed a DEA-ESDA framework to
examine the spatiotemporal patterns of productivity for various crops
in China, including corn, wheat, and aggregated grain (Lu et al., 2020).
Nevertheless, these studies have yet to fully uncover the underlying
spatial mechanisms and causal dynamics that drive regional
differences. Thus, a deeper understanding of the spatial configuration
and regional differentiation of green efficiency in the wheat sector
holds not only theoretical importance but also practical significance.
It provides a scientific foundation for the formulation and
implementation of more targeted and region-specific agricultural
policies that support sustainable development.

A review of the existing literature reveals that while substantial
progress has been made in the study of GTFP, several important gaps
remain to be addressed. (1) In terms of research perspective, prior
studies on agricultural GTFP have primarily focused on the broader
agricultural or grain sectors. As one of Chinas three major staple
crops, wheat is characterized by wide cultivation coverage, intensive
input use, and a high dependency on fertilizers and irrigation. Its
production model, resource demands, and ecological impacts differ
substantially from those of other crops. Therefore, a specialized
investigation into wheat GTFP not only enriches the theoretical
framework of green productivity but also provides critical insights for
crop-specific management and targeted policy design. (2) Regarding
methodology, many existing studies have relied on single-stage DEA
models or basic stochastic frontier analysis (SFA), often failing to
account for the influence of environmental variables and random
noise. This methodological limitation compromises the accuracy and
robustness of the efficiency estimates, highlighting the need for more
adaptive approaches such as the three-stage DEA model. (3) In terms
of indicator selection, most studies focus on single pollutants or
limited emission sources, which is insufficient to capture the
complexity and heterogeneity of environmental impacts in crop
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production—especially for wheat. Under increasing climate pressures
and environmental regulations, the incorporation and standardization
of multi-source non-point pollutants and greenhouse gas emissions
is necessary to more accurately reflect the true level of GTFP. (4)
China’s regions exhibit considerable variation in climate conditions,
agricultural endowments, and production technologies, resulting in
pronounced spatial heterogeneity in wheat input-output efficiency
and resource utilization patterns. Although spatial disparities in
agricultural efficiency have begun to attract attention, there remains
a lack of in-depth analysis on the spatial evolution of GTFP for
individual crops.

Against this backdrop, this study employs panel data from 2004
to 2022 across 15 major wheat-producing provinces in China to
construct a GTFP indicator system that incorporates both fertilizer-
based non-point source pollution and carbon emissions. The three-
stage DEA-GML model is applied to measure and analyze wheat
GTFP. In addition, spatial analytical methods are introduced to
examine the spatial clustering characteristics of wheat GTFP across
provinces. The goal is to gain deeper insights into the spatiotemporal
evolution of wheat GTFP in China and enhance the precision of
decision-making for improving green productivity in the
wheat sector.

3 Methods
3.1 Three-stage DEA-Malmquist model

Traditional Data Envelopment Analysis (DEA) methods are
unable to distinguish technical inefficiency caused by environmental
variation or random shocks, which often leads to biased
measurement results. The three-stage DEA model addresses this
limitation by incorporating stochastic frontier analysis (SFA),
effectively eliminating the heterogeneity introduced by external
environmental factors, random errors, and managerial inefficiency.
This allows for a more accurate assessment of true productivity
under multi-input and multi-output conditions by placing decision-
making units under a common operating environment for
comparison (Fried et al., 2002).

Accordingly, this study constructs a three-stage DEA-Global
Malmquist-Luenberger (DEA-GML) model to evaluate the GTFP of
wheat production in China. First, the Global Malmquist-Luenberger
index is employed to compute the initial efficiency scores and slack
variables based on the original dataset. Second, environmental
variables are selected, and SFA regression is conducted to remove the
influence of external environmental factors and random disturbances
from the input variables. Finally, using the adjusted inputs and original
outputs, the GML index is reapplied to calculate the actual production
efficiency (Chung et al., 1997). Figure 1 presents the methodological
framework for assessing wheat GTFP in China using the three-stage
DEA-GML approach.

3.1.1 The first stage: GML index and its
decomposition

First stage: Constructing the DEA-GML index model. The
Malmquist productivity index is defined based on the distance function
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and quantifies the total factor productivity change between two data
points by calculating the ratio of each point’s distance to the generalized
technology frontier. The TFP index is computed as the geometric mean
of the Malmquist productivity index over the period from t to t + 1.
The geometric mean of the Malmquist productivity index is used for
the calculation of the output-oriented TFP index of the following form,
with reference to the study by Meng and Qu (2022), the GML index
expression for wheat production efficiency from period t to t + 1 is
given as shown in Equation 1:

1+DS (xt,yt,bt )

:ECE-H ><TC§+1 (1)
1+DG(Xt+1)yt+1,bt+1)

1
GML{! =

According to research requirements, the GML index is
decomposed into changes in technical efficiency (EC) and
technological progress (TC), with the decomposition formulas shown
in Equations 2 and 3 (Oh, 2010):

1+Dt(xt,yt,bt)

ECHI —
t 1+ D! (Xt+1,yt+1)bt+1)

2

1+DC (Xt)yt’bt) 1+Dt+1(xt+l’yt+l’bt+l)

1+Dt(xt,yt)bt) x 1+DS (Xt+1,yt+l)bt+l)

TC{ = 3)

In the formula, D¢ (X’Y’b) =max {B | (Y +By.b— Bb) ep® (X)}
represents the directional distance function based on the global
production possibility set PG(x). Technical efficiency change (EC) reflects
the variation in a decision-making units proximity to the production
frontier under given technological conditions; an increase in EC generally
indicates that factors such as optimized management practices and more
efficient resource allocation have driven improvements in internal
efficiency. Technical change (TC) measures whether the production
frontier itself has shifted outward, signifying enhancements in overall
production capacity resulting from technological innovation, the
application of agricultural research outcomes, and the introduction of
new equipment. When GML > 1, EC > 1, TC > 1, it indicates that wheat
production activities are at the production frontier, meaning efficiency has
improved. This signifies an increase in wheat production efficiency,
optimization of technical efficiency, and progress in technological
innovation. Conversely, when GML < 1, EC < 1, TC < 1, it indicates a
decline in wheat production efficiency, deterioration in technical
efficiency, and regression in technological innovation.

The distance function required for the results of the Malmquist
index model is derived based on solving the SBM-DEA model. In this
paper, the SBM-DEA model containing non-expected outputs is used
to construct the distance function for solving the model, as shown in
Equations 4 and 5 below:

m a—

l_iZi

=

(4)

min p =

S s, b
L[t s

1+ b
Si+8\4 )’?0 r=1)r0
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In the formula, p denotes the efficiency value of the decision-
making unit (DMU), The range of values is p € [0,1]. When p =1,
it indicates that the evaluated unit is efficient and strongly
efficient. Variables S7, S8, S" represent the slack values of inputs,
desirable outputs, and undesirable outputs, respectively. Variables
X, Y&, Y® represent the actual values of inputs, desirable outputs,
and undesirable outputs, respectively. The symbol A represents the
intensity vector. When p < 1, it indicates efficiency loss within the
evaluated unit, necessitating improvements in input and
output indicators.

3.1.2 The second stage: stochastic frontier
analysis

Considering that the comprehensive efficiency measured in the
first stage is influenced by multiple factors such as managerial
efficiency, environmental factors, and random disturbances, Fried
et al. (2002) proposed using SFA-like model to eliminate these
second-stage effects and established the following regression
function, as shown in Equation 6 (Fried et al., 2002):

Spi =f(ZisBn )+ Vni +Hpi3i =12, Ln=1,2,-+,N 6)

Here, S,; represents the slack value of the nth input for the ith
decision-making unit (DMU); Z; represents environmental
variables, and f, denotes their coefficients; v, + p, is the
composite error term, where v,; represents random disturbances,
and p,; denotes managerial inefficiency. Here, Yni ~ NEO’GV?) is
the random error term, indicating the impact of stochastic
disturbances on input slack variables, while p,; represents
managerial inefficiency, reflecting the effect of management
factors on input slack variables Mpj ~ N O,GHZ .y=cu/(ca+0s
is used to determine which factor dominates inefficient DMUs.
When y - 0, random factors are more influential, whereas when
y — 1, managerial inefficiency has a greater impact. After
estimating the unknown parameters using maximum likelihood
estimation (MLE), the initial input data is adjusted according to

the following Equation 7:

N N
XA =X+ max[f[zi; BnD—f(zi; an +

[ max(vy;) =y [i=12,+n=12,+N 2

Here, X1y represents the adjusted input; X,,; is the original input;
A N
max| f| Zisy | |=f| ZisB | | accounts for adjustments to external

environmental factors; and [max(vni ) _Vni:| normalizes all DMUs
to the same stochastic conditions. After this adjustment, all provinces

frontiersin.org


https://doi.org/10.3389/fsufs.2025.1615861
https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org

Liu et al.

10.3389/fsufs.2025.1615861

Input-output
indicators

Y

DEA-GML model
for initial efficieny
estimation

Input slack variables

v

Construction of
original SFA variables

The

second
stage

SFA-based
decompositionto isolate |
externalenvironmental |

and randomfactors

Environmental
variables

Y

'

I

Adjusted input
indicators

Environmental
variable analysis

1
DEA-GML model for :
initial efficieny |
estimation :

FIGURE 1
Schematic diagram of the three-stage DEA-GML model.

are placed under the same external environmental conditions,
facilitating a more accurate reflection of the internal managerial
efficiency of each DMU and enabling a meaningful comparison of
differences independent of external pressures.

To remove the impact of stochastic factors, the managerial
inefficiency and random error components are decomposed using the
following Equation 8:

£
), Zni
¢( (o} 7\'8ni
E(pt s ) =00 | 044 2 ®
AEp; c
(D ni
Here, = is the composite error term;
6,0y 5 5
= TEN +0,",A=0,/cy .
Ox p 36=4/0pn Voo uw/Ov ;s ¢ and ¢ represent the

probability density function (PDF) and cumulative distribution
function (CDF) of the standard normal distribution, respectively.

3.1.3 The third stage: adjusted DEA-GML model
The adjusted input data replaces the original data, and the
GML index model from the first stage is reapplied to estimate

Frontiers in Sustainable Food Systems 06

efficiency. Since the effects of environmental factors and random
errors have been eliminated, the new efficiency values can more
accurately reflect the actual efficiency levels of decision-
making units.

3.2 Spatial correlation analysis

Global spatial autocorrelation reflects the overall spatial clustering
tendency of a variable within the study region, indicating whether
there exists a general pattern of positive or negative spatial correlation
across the entire area. In contrast, local spatial autocorrelation focuses
on the spatial association between individual units and their
neighboring areas, and is used to identify spatial clusters or outliers in
specific locations or subregions.

3.2.1 Global spatial autocorrelation

The production factors of wheat GTFP in different provinces
(regions) of China exhibit significant spatial mobility, leading to
potential spatial correlation in wheat production efficiency among
regions. This study applies Moran’s I index to examine whether there
is a clustering effect in the spatial distribution of wheat GTFP across
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Chinese provinces (Sun et al., 2022). The specific formula for global
Moran’s I is shown in Equation 9:

Nﬁw][][,]

i=1j=1

i=1 i=1j=1

Moran’sI=

Where N is the total number of regions in the study area, w;
represents the spatial weight, and x; and x; denote the wkleat
production efficiency in regions i and j, respectively, with 3 _ lle
representing the mean production efficiency. nig

3.2.2 Local spatial autocorrelation
The local Moran’s I index is used to determine which specific

province (region) exhibit clustering effects (Zhang and Lu, 2022). The
specific formula for local Moran’s I is shown in Equation 10:

The meanings of the symbols in this equation are the same as

Moran’sI; =

(10)

those in the previous formula and will not be repeated here.

3.3 Kernel density analysis

In order to deeply explore the overall distribution of GTFP
among regions and its evolutionary characteristics, this paper

TABLE 2 Variable description and descriptive statistics.

10.3389/fsufs.2025.1615861

adopts the kernel density estimation method (Wang et al., 2025)
to characterize its time-series distribution, whose kernel density
function of the random variable x is defined as shown in
Equation 11:

f(GTFP):—zK (11)

nm

i=1

1 & GTFP, ~GTFP
m

Where Xi represents the GTFP of each city; GTFP; represents
independently distributed observations. GTFP denotes the mean
GTFP; n is the number of observations, m is the bandwidth, and K(x)
represents the Gaussian function and density function.

4 Indicator selection and data sources
4.1 Indicator selection

4.1.1 Input indicators

The selection of input indicators primarily encompasses three
aspects of the wheat production process: labor, capital, and land.
Specifically, “labor days per mu” is used as the proxy for labor input;
capital input is represented by the total cost of seeds, fertilizers,
pesticides, and machinery rental; and land input is measured by land
cost. For missing data in certain provinces during specific years,
interpolation is conducted using the average difference method based
on adjacent years. To mitigate the potential impact of price fluctuations
on the regression results, all monetary variables are adjusted to
constant 2004 prices using relevant price indices. Variable description
and descriptive statistics are shown in Table 2.

4.1.2 Output indicators
In this study, wheat output includes both desirable and undesirable
outputs. To eliminate the influence of price fluctuations, the desirable

Indicator Indicator name Indicator description
category
Labor Wheat Number of labor days day/ha 82.5 3.15 212.7
Land Wheat Land cost yuan/ha 1,447.05 200.55 3,622.2
Input Wheat Seed cost yuan/ha 903.3 254.7 1,848.15
indicators Wheat Fertilizer cost yuan/ha 1,788.3 557.1 4,034.4
Capital
Wheat Pesticide cost yuan/ha 219.75 27.9 880.35
Wheat Machinery rental costs yuan/ha 2,012.25 354.3 3,950.55
Desired Output Wheat yield kg/ha 5,315.25 1,513.5 8,770.65
Output
o ‘Wheat Fertilizer non-point source pollution tons 73.32 0.47 298.76
indicators Undesirable Output
Wheat Carbon emissions tons 15.21 0.04 61.01
Land Resource
Proportion of wheat sown area % 19.60 0.14 38.88
Endowment
Environment Impact of Natural
Disaster rate % 20.57 0.41 69.17
indicators Disasters
Agricultural Support
Poli Proportion of fiscal support for agriculture % 11.22 0.87 20.38
olicy
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output is measured by the average wheat yield per mu across years.
Regarding undesirable outputs, this study considers non-point source
pollution from fertilizers and carbon emissions as indicators of
ecological loss in the wheat production process.

The coeflicients for fertilizer-induced non-point source pollution are
derived from the Handbook of Emission Source Statistics and
Accounting Methods and Coefficients, published by the Ministry of
Ecology and Environment in 2021. In addition, parameter settings are
informed by the works of Liu and Xu (2015). Specifically, the nitrogen
fertilizer utilization rate for wheat is set at 35%, with atmospheric loss at
7%, soil erosion at 49%, and surface runoff at 9%. For phosphate fertilizer,
the utilization rate is set at 15%, with 70% remaining in the soil, 5% lost
to the atmosphere, and the remainder attributed to surface runoff (Li
et al, 2017). Agricultural carbon emission source, coefficient and
reference sources are shown in Table 3.

The carbon emissions generated during wheat production are
calculated using the following formula: WE = o*E, Where WE represents
the total carbon emissions from wheat production; E denotes total
agricultural carbon emissions; and  is the ratio of wheat sown area to
total crop sown area, as mentioned earlier (Dai and Xu, 2022). The
carbon emission coeficients for fertilizers, agricultural film, diesel, and
irrigation are based on the research findings of Li et al. (2011).

4.1.3 Environmental variables

Environmental variables refer to factors that affect efficiency scores
but fall outside the subjective control of the decision-making units.
Their presence may result in higher observed efficiency for individuals
operating in more favorable external conditions. Therefore, to ensure
the objectivity and accuracy of efficiency estimations, it is essential to
isolate the influence of environmental variables during the analytical
process. Based on the production characteristics of wheat (Abman and
Carney, 2020; Chen and Gong, 2021), this study selects the following
three variables as environmental factors:

1. Proportion of wheat-sown area: This indicator captures the
scale and specialization level of wheat cultivation in a region.
A more specialized cropping structure typically correlates with
the agglomeration of complementary resources such as
technologies, management practices, and infrastructure,
thereby indirectly affecting agricultural efficiency.

2. Disaster incidence rate: This variable reflects the extent of
natural disasters, which are sudden and uncontrollable events
that disrupt the normal input-output relationship in
agricultural production. It is considered a key exogenous factor
influencing efficiency.

3. Share of agricultural fiscal expenditure: Measured by the ratio
of expenditures on agriculture, forestry, and water affairs to
total local fiscal spending, this indicator captures the intensity

TABLE 3 Agricultural carbon emission source, coefficient and reference
sources.

Source Coefficient Reference
Fertilizer 0.8956 kg-kg™ West and Marland (2002)
Pesticide 4.9341 kgkg™ Zhi and Gao (2009)
Diesel 0.5927 kg-kg™ Lietal. (2011)
Agricultural irrigation 20.476 kg/hm® Dubey and Lal (2009)
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of governmental support for agriculture. Regions with greater
fiscal investment tend to have better infrastructure, more
extensive extension services, and stronger pest and disease
control systems, all of which can indirectly enhance farmers’
production efficiency (FuJun et al., 2018).

These three variables are beyond farmers’ direct control yet
significantly influence wheat production efficiency; thus, they are
treated as environmental variables to ensure statistical validity in
efficiency estimation.

4.2 Data sources

This study selects 15 major wheat-producing provinces in China
from 2004 to 2022 as the research region and period. To analyze the
regional characteristics of wheat production efficiency in China, this
study follows the “Wheat Advantageous Regional Layout Plan (2008-
2015)” and divides the 15 provinces into five wheat production regions,
see Table 4; The data used in this study are obtained from publicly
available statistical sources, with production material data on fertilizers,
pesticides, machinery, and irrigation sourced from the Compilation of
National Agricultural Product Cost-Benefit Data. Data on environmental
variables are from the China Statistical Yearbook.

5 Results
5.1 Results of first stage: the original GTFP

This study employs MATLAB 2022a to estimate the GTFP of
wheat across 15 major producing provinces in China during the
period 2004-2022, using 2004 as the base year (Table 5). The first-
stage GTFP results are presented in Table 5. Without accounting for
random disturbances and external environmental influences, the
estimated GTFP values range from 0.799 to 1.289, with an average of
1.028 over the study period. Notably, several years exhibit substantial
volatility—for instance, GTFP dropped to 0.865 in 2009, further
declined to 0.799 in 2018, and then surged to 1.289 in 2019. These
fluctuations are likely attributable to inter-provincial differences in
environmental conditions and the presence of stochastic errors. Such
findings suggest that relying solely on first-stage estimates may fail to
accurately capture the true efficiency level.

TABLE 4 Distribution of research regions.

Province (Autonomous
Region)

Region

Huang-Huai-Hai Advantageous
Hebei, Henan, Shandong, Shanxi, Shaanxi
Region

Middle and Lower Yangtze River
Jiangsu, Anhui, Hubei
Advantageous Region

Southwest Advantageous Region Sichuan, Yunnan

Northwest Advantageous Region Gansu, Xinjiang, Ningxia, Inner Mongolia

Northeast Advantageous Region Heilongjiang

The division of wheat production regions is based on the Wheat Advantageous Regional
Layout Plan (2008-2015).
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TABLE 5 Average GTFP in stage 1 (2005-2022).

Year GTFP EC

2005 0.853 0.931 0.921
2006 1113 1.051 1.078
2007 1.041 0.985 1.081
2008 0.889 1115 0.838
2009 0.865 1.025 0.883
2010 0.941 1.117 0.895
2011 1.037 1.008 1.048
2012 1.056 1.008 1.051
2013 0.982 0.972 1.006
2014 1.083 1.072 1.033
2015 1.059 0971 1.098
2016 1.014 0.983 1.031
2017 1.104 1.019 1.084
2018 0.799 0.968 0.861
2019 1.289 1.130 1.186
2020 1.063 0.992 1.083
2021 1212 0.964 1.255
2022 1.110 0.977 1.144
B 1.028 1.016 1.032

5.2 Results of second stage: SFA-like
regression

In the second stage, SFA-like regression was used to eliminate the
influence of environmental factors and random disturbances. The input
slack variables obtained in the first stage were taken as the dependent
variables, and the proportion of wheat sown area, disaster rate, and
proportion of fiscal support for agriculture served as explanatory variables.
The SFA regression was conducted using Frontier 4.1 software. A positive
regression coefficient indicates excessive input redundancy, which is
detrimental to improving wheat production efficiency, whereas a negative
coefficient suggests efficiency improvement (Banker et al.,, 1984; Ball et al.,
2004). The detailed regression results are presented in Table 6.

As shown in Table 6, the y-values for land and labor inputs both
exceed 0.7, indicating that management inefficiency is the dominant
factor contributing to slack in these two inputs. This underscores the
critical role of improving managerial efficiency in enhancing overall
production performance. In contrast, the y-value for capital input is
between 0.4 and 0.5, suggesting that the redundancy in capital use is
more strongly influenced by external environmental conditions and
random shocks. Moreover, all input slack variables pass the one-sided LR
error test and are statistically significant at the 1% level, which confirms
the necessity and effectiveness of using the SFA regression approach to
control for environmental and stochastic disturbances. Overall, most
environmental variables exert significant effects on input slacks, lending
support to the robustness and rationality of the results.

The following section presents a more detailed discussion of the
SFA regression results:

1. Wheat sown area ratio (X1): This variable shows a significant
positive association with the slack variables of land and capital
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TABLE 6 The results of SFA-like regression.

Dependent variables: Slacks

Environmental 11 labor 12 land 13 captital
variables
1.717%%% —9.93 % —39.3%#%
cons
(—3.14) (—2.62) (—2.63)
Proportion of Wheat Sown 0.39 7.04%%% 44,08+
Area (X1) (1.45) (2.84) (3.66)
1.597%#* 1.62 46.23%%%
Disaster Rate (X2)
(2.59) 0.37) (2.24)
Proportion of Fiscal 2.13%%% 8.16* 61.29%*
Support for Agriculture
(X3) (3.93) (1.82) (2.92)
6.01%%* 1,247.69%%* 6,487.63 %%
sigma-squared
(2.78) (2.93) (3.66)
0.74 0.89%#* 0.48%%*
gamma
(7.55) (22.23) (3.35)
N 285 285 285
log likelihood function —493.40 —1,134.27 —1,568.81
LR one-sided error test 168.34 231.76 17.35
values

7 k7 and “***” indicate significance levels of 10, 5, and 1%, respectively.

inputs. A higher wheat sown area ratio increases the
redundancy in land and capital usage, thereby hindering
improvements in GTFP. This outcome may reflect the lack of
refined management and intensive factor allocation in certain
regions, where insufficient marginal returns to input factors
constrain the green efficiency of wheat production.

2. Disaster rate (X2): The disaster rate exhibits a significantly
positive correlation with the slack variables of labor, land, and
capital inputs. This suggests that more severe natural disasters
lead to higher input redundancies and thereby exert a negative
effect on wheat GTFP. This finding is consistent with
theoretical expectations.

3. Fiscal support ratio (X3): Table 6 indicates that fiscal support
for agriculture is positively associated with the slack variables
of labor, land, and capital inputs. This suggests that increased
agricultural subsidies have not translated into measurable gains
in efficiency. Although fiscal support policies serve the overall
goal of agricultural development, they may, in the short term,
suffer from inefficiencies in fund allocation or a lack of
supervision over fund utilization, leading to resource
misallocation that undermines improvements in green
productivity in wheat production.

5.3 Results of third stage: adjusted GTFP

The adjusted input and output variables were reintroduced into
the DEA-GML model using MATLAB 2022a, thereby eliminating the
influence of external environmental factors and stochastic errors. As
illustrated in Figure 2, the comparison between the original and
adjusted GTFP values reveals that the adjusted GTFP for wheat across
the 15 major producing provinces averaged 1.006 during 2005-2022,
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which is lower than the first-stage average of 1.028. This downward
adjustment is consistent with previous studies (Liu et al., 2022). The
adjusted GTFP fluctuated within a narrower range of 0.863-1.039, and
the overall trajectory became significantly smoother, with extreme
fluctuations largely eliminated. These findings confirm that the three-
stage DEA-GML model substantially enhances the robustness and
scientific reliability of efficiency estimates by removing environmental
heterogeneity and random noise, thus providing a more solid
foundation for subsequent empirical analysis.

1. From a temporal perspective, the adjusted wheat GTFP exhibits
a generally upward trend with fluctuations over time (Table 7).
Between 2005 and 2014, GTFP fluctuated within a range of
0.863-1.039. Since the implementation of the “Zero Growth
Action Plan for Fertilizer Use by 2020” in 2015, GTFP
increased from 1.009 to a peak of 1.148 in 2019, reflecting the
positive effects of green production initiatives and related
policy measures. Although a slight decline was observed after
2019, GTFP consistently remained above 1. During the entire
period from 2005 to 2022, the average values of technical
efficiency change (EC) and technological progress (TC) were
1.006 and 1.011, respectively, indicating that TC played a
slightly stronger role in driving GTFP growth. The synergistic
effect of technological progress and efficiency improvement,
together with sustained policy support, constitutes the primary
driving force behind the steady enhancement of wheat GTFP.

. From a regional perspective, the average third-stage GTFP
values across all regions declined to varying degrees compared
to the original first-stage estimates, confirming the reliability
of the results obtained from the three-stage DEA-GML model.
Specifically, the average GTFP in the Huang-Huai-Hai Plain,
the middle and lower reaches of the Yangtze River, and the
Northeastern advantage zone decreased from 1.046, 1.039, and
1.030 to 1.016, 1.013, and 1.010, respectively (Table 8). Despite
these downward adjustments, the GTFP levels in these regions
remain relatively high, indicating that their efficiency
improvements are largely attributable to technological
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TABLE 7 Average GTFP in stage 3 (2005-2022).

Year GTFP EC TC
2005 0.863 0.974 0.895
2006 1.039 1.034 1.022
2007 1.004 0.942 1.073
2008 0.926 1.104 0.857
2009 0.945 0.975 0.996
2010 0.946 1.052 0.915
2011 1.030 1.000 1.035
2012 1.012 0.974 1.051
2013 0.988 1.001 0.987
2014 1.018 1.032 1.001
2015 1.009 1.001 1.008
2016 0.986 0.992 0.995
2017 1.053 1.004 1.049
2018 0.925 1.018 0.919
2019 1.148 1.012 1.147
2020 1.020 0.984 1.054
2021 1.139 1.000 1.138
2022 1.057 1.011 1.058
Mean 1.006 1.006 1.011

progress and managerial optimization. In contrast, the
declines observed in the Southwestern and Northwestern
regions were more modest—from 1.001 to 0.986 and from
1.012 to 0.998,
productivity in these regions relies less on favorable external

respectively—suggesting that green
conditions and more on endogenous improvements.

In terms of EC and TC dynamics, the Huang-Huai-Hai and
Yangtze River regions continue to exhibit clear advantages in
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TABLE 8 Average GTFP in Stage 1 and Stage 3 of five regions in China.

Major wheat-producing

regions
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FIGURE 3
Wheat GTFP in Stage 1.

technological progress, with TC values reaching 1.024 and 1.023,
respectively. Their managerial efficiency (EC) also remains above unity.
However, in the Southwest, Northwest, and Northeast, the impetus
from technological advancement has weakened, with both EC and TC
values approaching or falling slightly below 1, reflecting the constraints
imposed by regional heterogeneity and ecological limitations. Overall,
the three-stage estimation provides a more accurate and credible
assessment of green production efficiency across China’s key wheat-
producing regions, offering valuable insights into spatial heterogeneity
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and informing the formulation of region-specific agricultural
sustainability policies.

3. At the provincial level, to facilitate a more intuitive
comparison, we employed a spatial distribution maps
(Figures 3, 4) to visualize the differences between the original
and adjusted GTFP values across 15 major wheat-producing
provinces. The results indicate that, after removing the
influence of environmental and stochastic factors, GTFP
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FIGURE 4
Wheat GTFP in Stage 3.
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values in all provinces declined to varying degrees. The post-
adjustment values also exhibit a more centralized distribution
with reduced volatility, underscoring the robustness of the
three-stage DEA-GML model.

Specifically, Henan and Shandong—the two core wheat-
producing provinces—experienced the largest downward
adjustments, suggesting that their previously observed green
productivity levels were largely bolstered by favorable natural
endowments and well-developed infrastructure. In these cases, the
original GTFP estimates appear to have been partially inflated by
environmental advantages. In contrast, provinces such as Xinjiang,
Gansu, and Ningxia, which are characterized by more pronounced
ecological constraints, showed the smallest adjustments. This
implies that their production efficiency is primarily driven by
endogenous technological and managerial improvements, with
minimal distortion from environmental conditions. Provinces like
Jiangsu, Anhui, Hebei, and Sichuan fall in the middle range, with
moderate reductions, indicating a combination of external
support and internal capacity for green efficiency enhancement.

Overall, the provincial-level trends in GTFP adjustment are
highly consistent with the regional-level findings, further
confirming the presence of significant structural heterogeneity in
wheat production efficiency across China. This heterogeneity
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highlights the differential impacts of environmental factors on
efficiency measurement and provides a solid empirical foundation
for developing more refined, region- and province-specific green
production policies.

6 Discussion

The empirical results reveal temporal differences in GTFP across
major wheat-producing provinces; however, they do not sufficiently
uncover the spatial agglomeration effects and dynamic evolutionary
patterns. Therefore, further analyses using spatial autocorrelation and
kernel density estimation techniques were conducted to explore the
spatial distribution characteristics and temporal dynamics of
agricultural GTFP in greater depth.

6.1 Spatial distribution of GTFP

6.1.1 Global spatial autocorrelation analysis

To examine the spatial agglomeration characteristics of wheat TFP
in China’s major wheat-producing regions, the Global Moran’s I index
was calculated using GeoDa software. The spatial weight matrix was
constructed based on a binary contiguity structure following the
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Queen criterion, with 999 random permutations used to build the
standard normal statistic. The results are presented in Table 9. Spatial
correlation across different years exhibited significant fluctuations.
From 2005 to 2012, most of the Global Moran’ I values were positive
and statistically significant, indicating a notable positive spatial
correlation in wheat TFP—high-efficiency regions tended to cluster
with other high-efficiency regions, and low-efficiency regions
clustered together as well. However, after 2012, the Moran’s I index
showed a declining trend and occasionally turned negative, suggesting
an increase in spatial disparity and a weakening of spatial
agglomeration in wheat TFP across regions.

6.1.2 Local spatial autocorrelation analysis

Local spatial autocorrelation analysis helps to identify localized
clustering patterns and potential spillover effects. The Moran
scatterplot classifies spatial units into four quadrants: Quadrant
I (High-High) clusters, where both a locality’s wheat GTFP and that
of its neighbors are high, reflecting diffusion effects in spatial
association; Quadrant II (Low-High) clusters, where local GTFP is
low but neighboring GTFP is high, representing a transitional pattern;
Quadrant IIT (Low-Low) clusters, where both local and neighboring
GTFP are low, denoting low-growth regions; and Quadrant IV (High-
Low) clusters, where local GTFP is high while neighboring GTFP is
low, manifesting polarization effects. Quadrants I and III correspond
to positive spatial autocorrelation, characterized by clustered
distributions, whereas Quadrants II and IV correspond to negative
spatial autocorrelation, characterized by dispersed distributions.

TABLE 9 Global Moran’s | index and statistical test values.

10.3389/fsufs.2025.1615861

From the scatterplot (Figure 5), the 2010 observations are
primarily concentrated in Quadrants I (H-H) and III (L-L), with the
regression line exhibiting a clear positive slope (Global Moran’s
I=0.160). This indicates a significant positive spatial clustering of
wheat GTFP in that year, whereby high-value areas diffused into
neighboring regions and low-value areas also formed clusters. By
contrast, in 2020 the sample points are more evenly distributed across
all four quadrants and the regression line is nearly flat (Global Moran’s
I=-0.007), demonstrating an absence of significant spatial
autocorrelation and suggesting that the spatial clustering of wheat
GTFP has greatly weakened, with interregional efficiency differences
becoming more randomized.

6.2 Dynamic analysis of GTFP: kernel
density estimation of temporal evolution

This study employed kernel density estimation to investigate the
temporal dynamics of green total factor productivity (GTEP) across
China’s 15 major wheat-producing provinces. As illustrated in Figure 6,
the overall distribution curve of wheat GTFP shifted toward the right
from 2004 to 2022, indicating a transition from lower to higher values.
The central surface of the distribution rose steadily from an initial
baseline of approximately 0.6 to values exceeding 1.8, confirming the
continuous improvement in wheat GTFP at the national level.

The “peaks” of the distribution represent regions with high
probability density, denoting the dominant GTFP intervals across
provinces. Over time, the shape of the surface evolved from a
unimodal to a multimodal structure. Between 2004 and 2010, the
distribution exhibited a single-peak pattern; from 2011 to 2017, it
bifurcated into a bimodal structure; and by 2018, it further evolved

Year Moran’s | P Sd 2 into a trimodal form with one main peak and two secondary peaks.
2005 0.422 0.006 0.189 2.602 In parallel, the bandwidth of GTFP distribution expanded
2010 0.160 0.083 0.163 1.433 markedly, and the amplitude of the surface increased, suggesting
growing interprovincial disparities in GTFP. This divergence may
2015 0.116 0.099 0.146 1.265 ) T :
arise from variations in the degree of emphasis placed on green
2020 ~0.007 0.363 0.186 0.356 . . . . T
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FIGURE 5
Moran scatter plots of wheat GTFP in 2010 and 2020.
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resource endowment among provinces. Consequently, progress in the
development, adoption, and implementation of green agricultural
technologies and related policies has been uneven, amplifying
provincial-level differences in GTFP.

7 Conclusions and policy implications

This study employed a three-stage DEA-GML model to examine the
influence of environmental factors and stochastic disturbances on the
green total factor productivity (GTFP) of major wheat-producing
provinces in China. In combination with spatial autocorrelation and
kernel density estimation techniques, we analyzed the temporal
dynamics and spatial clustering patterns of GTFP across 15 key provinces
between 2004 and 2022. The main findings are summarized as follows:

1. In the first stage, without accounting for environmental effects,
China’s wheat GTFP fluctuated through time between 0.80 and
1.29, with a mean value of 1.028. In the second stage, SFA
regression was used to isolate exogenous influences, revealing
that redundancy in labor and land inputs was primarily driven by
managerial inefficiencies, while capital input redundancy was
more attributable to environmental constraints and stochastic
shocks. In the third stage, after adjusting for these external factors
using the DEA-GML model, the average GTFP across the 15
provinces declined to 1.011, suggesting that conventional DEA
approaches may overestimate efficiency. The three-stage model
offers a more accurate reflection of the true level of wheat GTFP
by incorporating environmental and random factors.

2. From a temporal perspective, the annual changes in wheat
GTFP, after three-stage adjustment, exhibit a fluctuating
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upward trend. Between 2005 and 2014, GTFP fluctuated within
a range of 0.863-1.039. Following the implementation of the
“Zero Growth Action Plan for Fertilizer Use by 2020” in 2015,
GTFP increased from 1.009 to a peak of 1.148 in 2019.
Although a slight decline occurred after 2019, GTEP remained
consistently above 1, reflecting the positive effects of green
production principles and related policy interventions.

. From a regional distribution perspective, the adjusted GTFP

levels exhibit marked spatial variation across provinces. The
Huang-Huai-Hai wheat zone recorded the highest average
GTFP (1.016), driven by synergistic gains in technical
efficiency and technological progress, with Henan emerging
as the regional leader. The Middle and Lower Yangtze River
zone (1.013) and the Northeast zone (1.010) showed
comparable performance, indicating notable progress in green
agricultural transformation. In contrast, the Northwest (0.998)
and Southwest (0.986) zones lagged behind, underscoring the
constraining effects of ecological and environmental factors
on productivity improvement in those regions.

. Spatial Pattern Dynamics: The evolving spatial pattern of

wheat GTFP reflects growing regional divergence and weak
coordination. Global spatial autocorrelation results show
significant positive clustering between 2005 and 2012, which
diminished in later years, indicating a dispersal of GTFP and
widening of regional disparities. Kernel density analysis
further confirmed this trend, with the distribution evolving
from a unimodal to a bimodal and even trimodal structure,
revealing increasingly pronounced interprovincial gaps—
likely due to unbalanced progress in green technology
development, resource allocation, and policy implementation
across regions.
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Based on the research findings, the following policy
recommendations are proposed:

1. Strengthen Technological Innovation and Improve Resource
Allocation Efficiency:

Governments should prioritize the development and

dissemination of green agricultural technologies, including

water-saving irrigation and precision fertilization.

Demonstration zones, training programs, and cross-regional

knowledge diffusion mechanisms can help transfer advanced

technologies to lagging regions, narrowing the green efficiency gap.

2. Optimize Fiscal Support to Improve the Agricultural
Production Environment:

Fiscal policies should be differentiated by region. In central and
western provinces with lower efficiency, public investments should target
infrastructure, ecological protection, and the promotion of green
technologies. In the eastern regions, funding should emphasize upgrading
green technologies and fostering institutional innovation, thereby
enhancing the overall efficiency and spillover effects of fiscal expenditures.

3. Promote Regional Coordination and Technology Matching for
Balanced Development:

To address the pronounced GTFP disparities, region-specific
agricultural development strategies are necessary. Interregional
cooperation and information sharing should be enhanced through the
creation of trans-provincial platforms for green agriculture. Joint
training, pilot programs, and collaborative projects can help
harmonize green productivity across regions and foster high-quality,
sustainable agricultural development nationwide.
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