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Economic Growth and the Intensity of
Agricultural Chemical Inputs in China:
Empirical Evidence from the
Environmental Kuznets Curve Hypothesis

ZHANG MENG

LINTRODUCTION

Following the Second World War, East Asia underwent a profound transformation in its economic
structure and experienced rapid development, driven by the forces of industrialization and structural
modernization. During this process, both per capita GDP and population showed continuous upward
trends. While economic growth substantially improved living standards, it simultaneously intensified
environmental pollution arising from industrial and urban activities (Stern, 2004). The acceleration of
industrial activity precipitated a surge in resource consumption and pollutant emissions, resulting in a
marked deterioration of environmental quality.

Meanwhile, rapid population growth placed additional pressure on agricultural production. In order
to prevent food shortages, farmers increasingly relied on heavy applications of chemical fertilizers to
raise yields. However, the overuse of fertilizers, pesticides, and agricultural films inevitably generated
non-point source pollution in rural areas, undermining ecosystem health and threatening the well-
being of rural residents (Zhang et al., 2015). Consequently, mitigating pollution arising from
agricultural production has become a central priority in environmental governance.

Among East Asian economies, China stands out as a particularly illustrative example. Since its

reform and opening-up, and especially after joining the World Trade Organization (WTO) at the end



of 2001, China maintained a state of rapid economic growth in the early 21st century. Between 2000
and 2020, China's Gross Domestic Product (GDP) grew at an average annual rate of approximately
8.68%!. Over a longer period (1978-2020), its agricultural GDP had an average annual growth rate of
4.22%, its population grew by 0.94% Zannually, and its per capita GDP increased nearly fourfold.
Despite accounting for about 20% of the world’s population, China possesses only 6% of global
freshwater resources and 8%3 of global arable land. Nevertheless, the total output of China's major
agricultural products reached 669.49 million tons in 2020 *. However, this rapid economic growth has
also brought significant negative environmental effects.

The development of China’s agricultural sector has largely relied on the modernization of
production practices. Among these transformations, the intensification of fertilizer and pesticide inputs
has played a pivotal role in enhancing agricultural productivity. For instance, the total consumption of
synthetic fertilizers increased from 8.84 million tons in 1978 to 50.2 million tons in 2023°. The
application of nitrogen fertilizers rose from 9.34 million tons in 1980 to 16 million tons in 2023°,
while that of phosphate fertilizers expanded from 2.73 million to 5.4 million tons over the same period’
Similarly, pesticide use grew from 0.76 million tons in 1991 to 1.2 million tons in 2023%, and
agricultural plastic film consumption surged from 0.64 million tons to 2.4 million tons’, representing

more than a fivefold increase. In this study, synthetic fertilizers, nitrogen fertilizers, phosphate
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fertilizers, total agricultural machinery power, pesticides, plastic films, and agricultural diesel are
adopted as representative indicators of pollution intensity in the agricultural sector.

Another salient feature of economic development is the evolution of the industrial structure,
typically manifested as a transition from an agrarian-based economy to one dominated by the industrial
and service sectors. Such a structural shift not only propels economic growth and societal advancement
but also exerts far-reaching consequences for the environment and agroecosystems (Yan et al., 2023).
Technological innovation is recognized as the central engine for sustainable development. Within the
agricultural domain, fostering industrial upgrading through innovation represents a critical pathway
toward pollution abatement. Consequently, the present study incorporates industrial structure as a key
explanatory variable in the analysis of agricultural environmental quality.

In 1955, the economist Simon Kuznets posited the inverted U-shaped hypothesis to delineate the
relationship between economic growth and income distribution. The hypothesis suggests that income
inequality initially widens during the early stages of economic development but subsequently narrows
after reaching a critical threshold, thereby forming an inverted U-shaped curve (Kuznets, 1955). By
extension, the Environmental Kuznets Curve (EKC) theory suggests that environmental degradation
initially rises with increasing income levels and declines once economic growth surpasses a specific
turning point (Dinda, 2004).

This study adopts the EKC framework to investigate the dynamic relationship between China's
economic development and agricultural pollution. Using provincial panel data from 1993 to 2020, this
study tests for the existence of an inverted U-shaped relationship between economic growth and
agricultural environmental degradation through the EKC model. Since the data panel in this study is
large in both the cross-sectional (N) and time-series (T) dimensions, we employ a two-stage
instrumental variable (2SIV) estimation method to eliminate the influence of common factors in the

error term and explanatory variables in two stages (Norkute et al., 2021). Based on nearly three



decades of provincial data, this study aims to reveal the long-term interaction between China’s
economic growth and agricultural environmental pollution.

The empirical results demonstrate that the input intensities of chemical fertilizers, nitrogen
fertilizers, pesticide, and agricultural plastic films exhibit a statistically significant inverted U-shaped
relationship with per capita GDP. This finding supports the Environmental Kuznets Curve (EKC)
hypothesis and indicates that these pollutants have already passed their respective turning points,
implying a gradual shift toward cleaner agricultural practices as income rises. In contrast, the
intensities of phosphorus fertilizer use, machinery power, and agricultural diesel consumption fail to
conform to the EKC pattern, suggesting that environmental pressures in these areas remain persistent
and may require targeted policy intervention.

Overall, this study makes three major contributions to the literature on the Environmental Kuznets
Curve (EKC) and agricultural environmental economics. First, it extends the EKC framework to the
agricultural sector using a long-term provincial panel dataset spanning nearly three decades, which
provides new insights into the long-run environmental dynamics of agricultural development. While
most existing EKC studies have focused on industrial emissions, energy consumption, or overall
carbon footprints, research on agricultural pollution has remained relatively scarce, particularly over
long time horizons. This study fills that gap by applying the EKC framework to agricultural inputs
that directly reflect non-point source pollution. Using panel data from 31 Chinese provinces spanning
1993-2020, it captures nearly three decades of structural and technological change in agriculture. This
long temporal scope enables the identification of turning points and long-run trends that short-term
studies often overlook. Second, it applies a robust the use of the two-stage instrumental variable (2SIV)
estimator to address endogeneity and cross-sectional dependence. This approach effectively eliminates
unobserved common factors, such as national policy shocks, macroeconomic fluctuations, and climate

variability, thereby ensuring consistent and unbiased estimation results. By incorporating lag structures



and defactored instruments, the study provides a more robust and credible assessment of the
relationship between economic growth and agricultural pollution. Third, it reveals the heterogeneity
of EKC patterns across different agricultural inputs, offering targeted policy implications for China’s
transition toward sustainable and green agricultural modernization. Unlike most prior studies that treat
agricultural pollution as a single aggregate index, this research disaggregates pollution intensity into
seven distinct agricultural inputs, fertilizers, nitrogen fertilizers, phosphate fertilizers, pesticides,
agricultural plastic films, diesel, and machinery power. The results reveal clear heterogeneity: while
certain pollutants (e.g., fertilizers and films) have already reached the EKC turning point, others (e.g.,
phosphorus fertilizers, diesel) remain on the upward trajectory. This nuanced evidence provides a
scientific foundation for differentiated policy design, such as promoting cleaner energy substitutes for
diesel, enhancing nutrient-use efficiency for phosphorus fertilizers, and reinforcing the

implementation of green agricultural technologies across provinces.

2. Literature review

The Environmental Kuznets Curve (EKC) hypothesis provides a core theoretical framework for
exploring the relationship between economic development and environmental quality. The hypothesis
was first proposed by Grossman and Krueger (1991, 1995) in their study on the environmental impacts
of free trade. Its core idea is that in the initial stages of economic development, the degree of
environmental pollution worsens as per capita income increases; after the economy reaches a certain
"turning point," the level of pollution gradually improves with further income growth, showing an
inverted U-shaped relationship. Subsequently, scholars such as Panayotou (1997) and Stern (2004)
further refined this theory, suggesting that the EKC reflects a dynamic coordination mechanism

between economic development and environmental protection, driven by the combined effects of



industrial structure optimization, technological progress, and increased environmental awareness.

Since the EKC hypothesis was proposed, many scholars have conducted empirical tests using data
from different countries or regions, with particularly abundant research on a rapidly developing
economy like China. A systematic review of literature containing the keywords "China + EKC"
indicates that most empirical studies support the validity of the EKC hypothesis (in an inverted U-
shape or N-shape). The hypothesis is more likely to be confirmed when using global pollution
indicators (like CO-) and meso- or micro-level data from provinces, cities, or industries (Mahmood et
al., 2023). For instance, Gokmenoglu et al. (2019), using time-series data from 1971-2014, applied the
ARDL model to confirm the inverted U-shaped relationship between China's CO: emissions and real
income. Similarly, studies by Riti et al. (2017) and Li, Wang, & Zhao (2016) using provincial panel
data also found that an inverted U-shaped relationship generally exists between pollutants like COx,
industrial wastewater, and solid waste, and economic growth in China.

When the research perspective shifts from macroscopic industrial pollution to the agricultural sector,
the EKC hypothesis also shows strong explanatory power. The excessive application of agricultural
chemicals (such as fertilizers and pesticides) is a primary cause of agricultural non-point source
pollution and environmental degradation. Consequently, many scholars use them as core pollution
indicators to test for the existence of an agricultural EKC. Li et al. (2014) used panel data from 31
Chinese provinces from 1989-2009 to examine the long-term relationship between three indicators—
nitrogen fertilizer, phosphate fertilizer, and pesticides—and economic growth. Their results
consistently supported the inverted U-shaped EKC hypothesis. Similarly, Yu et al. (2022) conducted a
systematic analysis of the relationship between fertilizer nitrogen and phosphorus surpluses and
economic development in 30 Chinese provinces from 1988-2019. They also found that most provinces
showed a significant inverted U-shaped EKC relationship, indicating that as the economy develops,

fertilizer application efficiency is expected to improve, and pollution pressure tends to decrease.



Nevertheless, further research has found that the EKC does not always show a standard inverted U-
shape. Its form and turning point exhibit significant heterogeneity across different regions,
development stages, and industrial sectors.

At the regional scale, Liu et al. (2021) shifted the perspective down to the county level and found
that fertilizer use and economic development in Hubei province's counties showed a more complex
"N-shaped" trend. A study by Wang and Lv (2022) on Henan province indicated that the relationship
between agricultural carbon emissions and grain output is still in the rising phase of the inverted U-
shaped curve, having not yet reached the turning point for environmental improvement. This shows
that even within the same country, there are huge differences in agricultural development stages and
environmental pressures across regions.

The shape of the EKC also differs between industrial sectors. Based on Chinese provincial data
from 2000-2021, Zeng and Wang (2025) found that the impact of industrialization on agricultural
carbon productivity shows a significant U-shaped pattern. After comparing agricultural and industrial
pollution in Chinese prefecture-level cities, Moriwaki and Shimizu (2023) found that in the
agricultural sector, chemical oxygen demand (COD) followed an N-shaped curve, while the
agricultural nitrogen balance showed an inverted U-shape. In contrast, industrial wastewater and SO-
emissions showed an inverted N-shape or a traditional inverted U-shape, respectively. This reveals
that the governance logic and difficulty vary for different pollution sources.

Finally, whether the EKC holds is also deeply influenced by a country's stage of development.
Caporin et al.'s (2024) study on Central Asian countries found that the relationship between
environmental pollution and economic growth in the region is more consistent with a linear
relationship, indicating that it is still in the initial stage of the EKC. Meanwhile, a comparative study
of China, Japan, and South Korea by Liu et al. (2018) showed that the EKC relationship was significant

in South Korea and Japan, but not yet significant in China during the sample period. This highlights



the importance of controlling for variables such as development stage and trade structure when making
cross-country comparisons.

To more accurately describe the complex relationship between the economy and the environment,
and to respond to academic critiques of the traditional EKC model, scholars have extended the model
from multiple dimensions. The introduction of spatial effects is one important direction. Because
economic activities and pollution in neighboring regions influence each other (i.e., spatial spillover
effects), ignoring spatial factors can lead to estimation bias. Research shows that after considering
spatial effects, the turning point of the EKC may appear earlier and more accurately (Li et al., 2020),
and the use of agricultural chemicals does indeed show convergence among neighboring regions (Liu
et al., 2021). Studies by He et al. (2021) and Wu et al. (2024) also confirmed that significant spatial
spillover effects exist at both the city level and in agricultural land-use carbon emissions.

Besides considering the spatial dimension, scholars have also made innovations in variable selection.
Some studies have begun to use a composite pollution index to replace single-pollutant indicators to
improve the robustness of estimations (Yan et al., 2023), or to use agricultural environmental efficiency,
a comprehensive performance indicator, to examine the "quality" of economic growth (Wang & Shen,
2016). In addition, more explanatory variables have been included in the EKC analysis framework.
Leal et al. (2022) noted in a comprehensive review that future EKC models should give more
consideration to factors like technological progress, green finance, and institutional factors. For
example, the study by Li and Chen (2024) found an inverted U-shaped relationship between the
application of agricultural robots (technological progress) and agricultural carbon emissions, but that
environmental regulations (institutional factors) have a significant moderating effect on the peak and
turning point of the EKC. Diverging from the conventional reliance on single-pollutant indicators, Yan,
Lu, Xu, and Lian (2023) employed a composite pollution index to capture the overall level of

environmental pressure in a region, thereby enhancing the representativeness and robustness of their



estimations.

In conclusion, the Environmental Kuznets Curve (EKC) provides a powerful theoretical tool for
understanding the relationship between China's economic growth and agricultural chemical inputs.
Existing research has widely confirmed an inverted U-shaped relationship between the two at the
provincial level in China. However, the literature has also revealed the complexity of this relationship:
the EKC's shape and turning point show significant regional heterogeneity and sectoral differences;
spatial spillover effects are an important factor that cannot be ignored; and variables such as
technological progress, industrial structure, and environmental regulations play key roles.

Despite substantial progress in testing the EKC hypothesis, important gaps remain. Much of the
literature has focused on single pollution sources or specific chemical inputs, such as fertilizers,
pesticides, or carbon emissions. There is a lack of systematic research that incorporates a series of key
input factors—including fertilizers, pesticides, agricultural plastic film, agricultural diesel, and the
total power of agricultural machinery—into a unified framework. This limited research perspective
may lead to an incomplete assessment of agricultural environmental pressure. Therefore, the core
innovation of this study is to conduct the first comprehensive investigation of these multiple
agricultural input indicators based on the EKC model. We will deeply analyze their long-term
interactive relationship with economic growth to provide strong empirical evidence for promoting a
green agricultural transition and formulating sustainable development policies.

The remainder of this paper is structured as follows. Section 2 reviews the existing literature on the
Environmental Kuznets Curve (EKC) and outlines the theoretical foundation and research gap that
motivate this study. Section 3 introduces the empirical framework, including model specification,
variable definitions, and the construction of provincial panel data for 31 Chinese provinces from 1993
to 2020. Section 4 presents and discusses the empirical results derived from the two-stage instrumental

variable (2SIV) estimation, focusing on the verification of the EKC hypothesis and the heterogeneity



across different agricultural inputs. Finally, Section 5 concludes the study, summarizes key findings,
and proposes targeted policy implications to promote the green transformation and sustainable

development of China’s agricultural sector.

3.Methods

® Model
In natural logarithmic form, previous studies have investigated the EKC hypothesis using regional

panel data and Equation (1):

Iny;e = Byrlnxy + Bz (Inx)? + +Byzir + i + vy (1)

where y denotes the agricultural chemical input, x is per capita GDP, and z represents a vector of
control variables for region i in time period t. The term 1; captures the time-invariant individual fixed
effects, and v is the idiosyncratic error term.

The relationship between pollution and per capita income follows an inverted U-shaped curve as
the economy develops. Whenf,; > 0, B,, < 0. Once this condition is satisfied, the income level at

the turning point can be computed using equation (2).




In the empirical model, this study includes control variables. By introducing these variables,
the true relationship between economic growth and agricultural environmental pressure can

be more effectively identified. The control variables are specified in Equation (3):

Iny;e = Byrlnx + Byz(Inx;)? + B,11n (popden;,) + By, GDPyprim,;, + B3FDIi +1m; + Ay
+e&: (3)

In Equation (3), the variables z;,z,,zzrepresent population density(PopDen), the ratio of primary
industry GDP to total GDP(GDPyrim), and the FDI ratio, respectively. Population density reflects the
impact of regional population pressure on agricultural inputs and the environment; the proportion of
the primary industry represents the systematic influence of industrial structure on the intensity of
agricultural inputs; and the FDI ratio considers the potential effects of foreign capital inflows on the
environment.

To account for the persistence in environmental pressure and potential dynamic effects, a dynamic
panel specification is adopted by including a one-period lag of the dependent variable among the
regressors. Accordingly, the static model in Equation (1) is reformulated as the following dynamic

model:

Iy = alny; g + Brrlnxy + B2 (Inx)® + +B,zie + 1 + v (4)



Considering the two major econometric challenges of endogeneity and cross-sectional dependence
that are common in provincial panel data, this paper uses the "Defactored Instrumental Variables
Estimation" method proposed by Norkute et al. (2021) for the empirical analysis. This method is
implemented using the Stata command xtivdfreg. The advantage of this method is that it combines a
common factor model with two-stage instrumental variable (2SIV) estimation, allowing it to
effectively control for potential common shocks across provinces (cross-sectional dependence) while
precisely handling endogeneity problems caused by omitted variables or bidirectional causality.

In the specific model setup, to address endogeneity, we select the second-order lags of real per capita
GDP and its squared term as instrumental variables for the core explanatory variables. We also use the
first-order lags of the three control variables—population density, the primary industry's share, and
the FDI ratio—as auxiliary instrumental variables. To handle cross-sectional dependence, we set the
model to extract a maximum of three common factors, and the explanatory variables and the error
term are "defactored" through a factor decomposition procedure. This process aims to strip out the
common trends and shocks hidden in the provincial data, thereby ensuring the robustness and

reliability of the estimation results.

® DATA

This study constructs a provincial panel dataset covering 31 provinces, autonomous regions, and
municipalities in mainland China for the period of 1993 to 2020. The selection of this sample period
is based on two main considerations. First, to ensure data availability and completeness, the study's
starting year is set to 1993 to avoid the issue of missing data for key indicators in earlier years. Second,

this 28-year period fully covers the key transitional stages of accelerated agricultural modernization,



deepening market-oriented reforms, and the gradual implementation of the "green development”
concept in China. This provides an ideal observation window for examining the long-term dynamic
relationship between economic growth and agricultural chemical inputs. All indicator data required
for this study were compiled from the annual China Statistical Yearbook, China Rural Statistical

Yearbook, and the statistical yearbooks of each province (municipality, autonomous region).

Tablel. Descriptive statistics.

VARIABLES Units Obs Mean SD Min Max
GDP per capita(x) Yuan 868 6,394 6,200 519.6 47278
Total pollutant emissions(y)

Fertilizer 10000tons 868 157.5 131.6 1.500 716.1
Nitrogen 10000tons 864 71.06 55.49 0.800 245.5
Phosphorus 10000tons 864 23.87 22.32 0.300 121.7
Pesticide 10000tons 865 70.72 975.5 0.0400 16,900
Diesel 10000tons 859 56.08 59.27 0.460 487.0
Plastic film tons 867 59,271 59,184 21 343,524
Machinery power 10000 kW 868 2,393 2,492 0 13,353
Pollutant emission intensity(y)

Fertilizer/Sown area 10000tons/1000 ha 868 0.0315 0.0129 0.00685  0.0800
Nitrogen/Sown area 10000tons/1000 ha 864 0.0145  0.00572  0.00364  0.0339
Phosphorus/Sown area 10000tons/1000 ha 864 0.00437  0.00193  0.000923  0.0128
Pesticide/Sown area 10000tons/1000 ha 865 0.0197 0.276 2.67e-05 4.713
Diesel/Sown area 10000tons/1000 ha 859 0.0143 0.0149  0.000616  0.104




Plastic film/Sown area tons/1000 ha 867 14.46 13.17 0.0248
Machinery power/Sown area 10000 kW/1000 ha 868 0.519 0.344 0
Population density (z;) 10000 persons 868 405.4 582.5 1.864
GDPprimary /GDP (2;) 100 million yuan 868 0.102 0.0740  0.000928
FDI (z3) 864 0.196 0.277 0.00114

86.94
2.698
3,950
0.429

3.415

The dependent variable (y), the application amount of agricultural chemicals, includes seven
variables in this paper: total chemical fertilizer, nitrogen fertilizer, phosphate fertilizer, pesticides,
agricultural plastic film, agricultural diesel, and the total power of agricultural machinery. However,
because the cultivated land area varies greatly among provinces, directly using the total application
amount as the variable would affect the comparability of the regression results and lead to bias in the
EKC (Environmental Kuznets Curve) regression. To reduce the impact of differences in cultivated
land scale across regions, this study divides the application amount of agricultural chemicals by the
crop sown area to obtain a corresponding input intensity indicator, which is used as the value for y.

The core explanatory variable in this paper is per capita GDP. We use real per capita GDP, with
1978 as the base year. The nominal per capita GDP of each province is deflated by the corresponding
price index and converted into real terms to more accurately reflect the level of economic development
in each region.

Furthermore, to control for other potential influences on the agricultural environment, we
incorporate three control variables into our model. These are: (1) Population Density, to account for
the effect of demographic pressure on agricultural input intensity; (2) Industrial Structure, measured

as the share of the primary industry's output in GDP, to control for systematic effects arising from



differences in economic composition; and (3) the FDI Ratio, to examine the environmental impact of
foreign direct investment. The inclusion of these variables allows for a more effective identification

of the true relationship between economic growth and agricultural environmental pressure.

4 Empirical results

®  Unit root test

Before conducting a panel data econometric analysis, it is necessary to first test the stationarity of
the variables to prevent the occurrence of spurious regression. If variables in a time series or panel
data have a unit root, meaning they exhibit non-stationary characteristics, the regression relationship
between them may merely reflect a trend correlation rather than a true economic relationship (Granger
& Newbold, 1974). Therefore, conducting a unit root test for each variable is a fundamental step in
empirical research.

To address the characteristics of panel data, scholars have proposed a series of panel unit root test
methods. This paper uses the IPS test by Im, Pesaran, and Shin (2003), as well as the Fisher-ADF tests
by Maddala and Wu (1999). These methods not only consider heterogeneity in the cross-sectional
dimension but also effectively improve the statistical power of the tests. Therefore, they are widely
used in panel data studies involving multiple provinces and time periods.

The following table presents the results of the unit root test.

Table2.1. Unit root test.

VARIABLES IPS Fisher




Statistic  p-value result Statistic  p-value result
In real gdp -1.2779 ~ 0.1006  nonstationary 135.2660 0.0000  stationary
In real _gdp2 0.2187 0.5865  nonstationary 128.8673  0.0000 stationary
In fertilizer -0.6289 0.2647  nonstationary 175.7271  0.0000 stationary
In nitrogen5 -2.3438 0.0095 stationary 138.2530  0.0000 stationary
In phosphorus5 -2.2916 0.0110 stationary 150.1983  0.0000 stationary
In pesticide -6.1969 0.0000  stationary 283.6754 0.0000  stationary
In plastic film -1.5098 0.0656  nonstationary 190.7718  0.0000 stationary
In diesel -4.2514 0.0000  stationary 194.5215  0.0000 stationary
In mechanical -1.3998 0.0808  nonstationary 140.3398  0.0000 stationary
In population 0.7518 0.7739  nonstationary 110.1671  0.0002 stationary
gdpp 2.2526 0.9879  nonstationary 258.6437  0.0000 stationary
Fdi5 11.3837 1.0000  nonstationary 146.5317  0.0000 stationary

The following table presents the results of the unit root test for the first-difference

Table2.2
VARIABLES IPS
Statistic ~ p-value result

d.In real_gdp -6.2293  0.0000  stationary
d.In real gdp2 -6.1742 0.0000  stationary
In fertilizer -13.8526  0.0000 stationary
In plastic film -11.4828 0.0000  stationary
In mechanical -14.1755 0.0000  stationary
gdpp -6.1265 0.0000  stationary
In population -9.2229 0.0000  stationary
fdi -1.2255 0.1102 nonstationary

The unit root test results indicate that most variables are stationary in their level form. However, per



capita GDP and its squared term, fertilizer use, agricultural plastic film, total agricultural machinery
power, and the control variables—including the share of the primary industry and the FDI ratio,do not
reject the null hypothesis of a unit root under the IPS test, suggesting non-stationarity. In contrast, the
Fisher-type ADF and PP tests confirm that these variables are stationary. Further examination of the
first-differenced series shows that per capita GDP and its squared term, fertilizer use, agricultural
plastic film, total agricultural machinery power, the primary industry share, and population density all
become stationary after first differencing, as evidenced by the highly significant IPS test results (p =

0.0000).

® Cointegration test

After the variables are confirmed to be integrated of the same order (usually an I(1) process), it is
necessary to further test for a cointegration relationship between them. The existence of cointegration
means there is a long-run equilibrium relationship among the variables; even if the variables
themselves are non-stationary, their linear combination is stationary (Engle & Granger, 1987). In a
panel data framework, cointegration can be tested using the methods proposed by Pedroni (1999, 2004)
and Kao (1999). Different from time-series cointegration tests, panel cointegration tests
simultaneously consider cross-sectional heterogeneity and time-series dynamics, which can more
accurately reveal the long-run equilibrium relationship between economic growth and agricultural
chemical inputs across provinces.

Accordingly, this study applies the Pedroni (1999, 2004) panel cointegration test to investigate the
existence of long-run associations among the variables. The results of the cointegration analysis are
summarized in the table below, forming the empirical foundation for the subsequent regression

estimations.



Table3. Cointegration Test

Variables Method/statistics Statistic P-value Method/statistics Statistic P-value
In fertilizer ~ Panel v-Statistic 1.388* 0.083
Panel rho-Statistic -1.805%* 0.035 Group rho-Statistic ~ 0.2703 0.606
Panel PP-Statistic -5.485%** 0.0000 Group PP-Statistic -4.507%%* 0.0000
Panel ADF-Statistic  -2.054 0.020 Group ADF-Statistic  -2.998*** 0.0014
In nitrogen Panel v-Statistic 1.091 0.14
Panel rho-Statistic -3.558%** 0.0002 Group rho-Statistic ~ -1.373 0.085
Panel PP-Statistic -8.553#** 0.0000 Group PP-Statistic =7.798*** 0.0000
Panel ADF-Statistic ~ -3.805%** 0.0001 Group ADF-Statistic  -4.619*** 0.0000
In Panel v-Statistic 0.4818 0.315
phosphorus
Panel rho-Statistic -2.062%* 0.020 Group rho-Statistic ~ 0.0549 0.522
Panel PP-Statistic -6.491 #** 0.0000 Group PP-Statistic -5.6%* 0.0000
Panel ADF-Statistic ~ -1.853*%* 0.032 Group ADF-Statistic  -3.474%** 0.0003
In pesticide ~ Panel v-Statistic -0.2497 0.60
Panel rho-Statistic -3.386%** 0.0004 Group rho-Statistic ~ -1.423* 0.08




In plastic film

In plastic film

In diesel

In

mechanical

Panel PP-Statistic

Panel ADF-Statistic

Panel v-Statistic

Panel rho-Statistic

Panel PP-Statistic

Panel ADF-Statistic

Panel v-Statistic

Panel rho-Statistic

Panel PP-Statistic

Panel ADF-Statistic

Panel v-Statistic

Panel rho-Statistic

Panel PP-Statistic

Panel ADF-Statistic

Panel v-Statistic

Panel rho-Statistic

-9.446% %

-8.676%**

-0.2497

-3.386%**

-9.446% %

-8.676%**

0.4761

-1.82%*

-5.316%**

4,547

1.212

-2.325%*

-6.577H**

-6.355%**

1.073

0.1326

0.0000

0.0000

0.60

0.0004

0.0000

0.0000

0.32

0.034

0.0000

0.0000

0.11

0.010

0.0000

0.0000

0.14

0.55

Group PP-Statistic

Group ADF-Statistic

Group rho-Statistic

Group PP-Statistic

Group ADF-Statistic

Group rho-Statistic

Group PP-Statistic

Group ADF-Statistic

Group rho-Statistic

Group PP-Statistic

Group ADF-Statistic

Group rho-Statistic

-9.427%*

-7.33 %%

-1.423*

-9.427%**

-7.331%%*

0.2159

-4.362%**

-3.396%**

-0.1036

-5.382%**

-4.525%**

2.024

0.0000

0.0000

0.08

0.0000

0.0000

0.586

0.0000

0.0003

0.459

0.0000

0.0000

0.979




Panel PP-Statistic -2.49%** 0.006 Group PP-Statistic -1.558%*

Panel ADF-Statistic =~ -1.993** 0.023 Group ADF-Statistic  -2.726%**

0.059

0.003

Notes: ***, ** * Demonstrate significance level at 1%, 5% and 10%, respectively.

The results of the Pedroni tests indicate that under various specifications, the majority of the
dependent variables exhibit statistically significant test statistics, providing strong evidence of a long-
run cointegration relationship with real per capita GDP. Specifically, the variables for chemical
fertilizer, nitrogen, phosphorus, pesticides, agricultural plastic film, diesel, and machinery power all
yield significant panel ADF-statistics, with most p-values falling below the 1% significance level. The
results for pesticides and nitrogen are particularly robust, showing significance across all seven of the
test statistics. Although some statistics for machinery power are not significant (e.g., the panel rho-
statistic), the balance of the evidence overwhelmingly supports the existence of cointegration.

Overall, the Pedroni test results confirm that a cointegration relationship exists between agricultural
chemical application and economic growth, which implies a long-run equilibrium relationship. This
conclusion provides a solid econometric foundation for the subsequent estimation of the

Environmental Kuznets Curve (EKC) and the analysis of long-run parameters.

® EKC model result

Tables 4.1-4.7 below show the estimation results of the EKC model. Models I and II are
static models; Model II adds three control variables to Model I: population density, the share
of primary industry output (GDPprimary/GDP), and the foreign direct investment (FDI)

ratio. Models III and IV are dynamic models, which introduce a first-order lag of the



dependent variable's use intensity based on Models I and II. Model 1V, which also includes

the three control variables, is the core model of this paper. We use the instrumental variable

estimation method for dynamic panel data (xtivdfreg) to study whether an Environmental

Kuznets Curve (EKC) exists.

Table4.1. Fertilizer

(1) (1) (1) (V)
VARIABLES Model | Model I Modellll ModellV
ay;i:[L.1In(Fertilizer)] 0.825%#** 0.704**
(0.0367) (0.0555)
B x1[In(GDP per capital)] 0.993 2.617** 0.160 0.796**
(1.634) (1.070) (0.183) (0.312)
Bx,[In(GDP per capital)]* -0.0345 -0.122%** -0.00381 -0.0348%**
(0.0935) (0.0581) (0.0104) (0.0166)
B,1[population density] 0.0672 0.0243
(0.211) (0.0779)
B2 GDPprimary/ GDP] 2.700%* 1.195%**
(1.228) (0.357)
B,3[FDI] 0.00968 0.0116**
(0.0250) (0.00453)
Constant -9.420 -17.47%%* -1.680** -5.489**
(6.692) (6.624) (0.850) (2.524)
Observations 806 803 806 803
Number of id 31 31 31 31
Hansen test 0.1902 0.4239 0.0846 0.1804

Robust standard errors in parentheses
*x% p<0.01, ** p<0.05, * p<0.1



Table4.2. Nitrogen

(1) (1) (1) (V)
VARIABLES Model | Model || Modellll ModellV
ay;:[L.1In(Nitrogen)] 0.919%** 0.922%#**
(0.0823) (0.0520)
Bx,[In(GDP per capital)] 1.058 2.039* 0.116 1.766**
(1.795) (1.153) (0.137) (0.694)
Bx,[In(GDP per capital)]? -0.0413 -0.0931 -0.00610 -0.0905**
(0.102) (0.0616) (0.00643) (0.0353)
Bz1[population density] 0.420* 0.108
(0.248) (0.131)
B22[GDPprimary/ GDP] 0.898 3.149%*
(1.148) (1.376)
B3[FDI] 0.0150 0.0188
(0.0267) (0.0116)
Constant -10.27 -17.13%%* -0.891 -9.612%*
(7.483) (6.111) (0.913) (4.320)
Observations 804 803 803 803
Number of id 31 31 31 31
e(factl) 1 1 1 1
e(fact2) 1 1 2 3
Hansen test 0.5443 0.6214 0.4028 0.4239

Robust standard errors in parentheses
*H% p<0.01, ** p<0.05, * p<0.1



Table4.3. Phosphorus

(1) (1) (1) (V)
VARIABLES Model | Model I Model ll ModellV
ay;:[L.1In(Phosphorus)] 0.846%*** 0.895%**
(0.0621) (0.0477)
B x1[In(GDP per capital)] 1.053 0.832 0.151 0.379
(1.410) (1.662) (0.140) (0.328)
Bx,[In(GDP per capital)]* -0.0440 -0.0152 -0.00671 -0.0199
(0.0819) (0.0933) (0.00606) (0.0152)
B1[population density] -0.137 0.122
(0.212) (0.147)
B22[GDPprimary/ GDP] 2.077* 0.424
(1.167) (0.346)
B,3[FDI] 0.0596 0.0342%**
(0.0761) (0.0126)
Constant -11.24* -10.95 -1.640 -3.038
(6.350) (7.331) (1.304) (2.238)
Observations 804 803 803 803
Number of id 31 31 31 31
Hansen test 0.7442 0.5999 0.3649 0.7512
Robust standard errors in parentheses
*x% p<0.01, ** p<0.05, * p<0.1
Table4.4. Pesticide
(1) (1) (1) (V)
VARIABLES Model | Model I Modellll ModellV




ay;i[L.11In(Pesticide)] 0.709%x** 0.824%**
(0.0727) (0.0878)
Bx,[In(GDP per capital)] 0.705 3.045%** 0.849%** -0.524
(0.894) (0.709) (0.273) (0.748)
Bx,[In(GDP per capital)]? -0.0250 -0.165%** -0.0299** 0.0273
(0.0531) (0.0360) (0.0147) (0.0428)
B1[population density] -0.400 -0.593**
(0.694) (0.294)
B22[GDPprimary/ GDP] 3.033%** 0.000455
(1.336) (0.832)
B3 FDI] -0.0642%** 0.0156
(0.0252) (0.0257)
Constant -11.29%** -19.17%%* -7.099%%** 4.329
(4.108) (4.824) (1.719) (4.697)
Observations 806 802 806 802
Number of id 31 31 31 31
Hansen test 0.3464 0.4619 0.2382 0.6142
Robust standard errors in parentheses
*H% p<0.01, ** p<0.05, * p<0.1
Table4.5. Plastic film
(1) (1) (1) (V)
VARIABLES Model | Model I Modellll ModellV
ay;:[L.1In(Plastic film)] 0.861*** 0.785%**
(0.103) (0.0936)
Bx1[In(GDP per capital)] 1.582 3.788 -0.418 2.059%**
(1.117) (2.433) (0.344) (0.659)
Sx,[In(GDP per capital)]? -0.0454 -0.149 0.0247 -0.0970%**



(0.0639) (0.132) (0.0197) (0.0330)

B,1[population density] 0.382 0.220
(0.427) (0.239)
B2 GDPprimary/ GDP] 11.66%** 4.511%%*
(2.974) (1.433)
B,3[FDI] 0.0329 -0.0199
(0.0307) (0.0174)
Constant -7.740 -22.05%* 2.117** -11.44%**
(5.230) (10.87) (0.972) (4.285)
Observations 806 803 806 803
Number of id 31 31 31 31
Hansen test 0.7111 0.7073 0.8222 0.2075

Robust standard errors in parentheses
*x% p<0.01, ** p<0.05, * p<0.1

Table4.6. Diesel

(1) (1) (1) (V)

VARIABLES Model | Model I Modellll ModellV
ay;:[L.1In(Diesel)] 0.973 %% 0.922%#:%*
(0.0949) (0.0956)

Bx,[In(GDP per capital)] 1.435 -2.863 0.0754 -0.216
(0.932) (3.443) (0.188) (1.440)

fx,[In(GDP per capital)]? -0.0541 0.146 -0.0129 0.00892
(0.0490) (0.171) (0.00886) (0.0767)

B,1[population density] 0.366 -0.369
(0.908) (0.311)

B22[GDPprimary/ GDP] -11.70 -0.819

(7.234) (2.193)



B3 FDI] -0.0188 0.0266
(0.0988) (0.0692)
Constant -12.81%** 8.314 0.201 2.859
(4.438) (22.13) (1.417) (9.723)
Observations 800 799 796 796
Number of id 31 31 31 31
Hansen test 0.2890 0.6489 0.7075 0.4212
Robust standard errors in parentheses
*H% p<0.01, ** p<0.05, * p<0.1
Table4.7. Machinery
(1) (1) (1) (V)
VARIABLES Model | Model I Modellll ModellV
ay;:[L.1In(Machinery)] 0.947%** 0.917%%**
(0.0328) (0.0569)
Bx1[In(GDP per capital)] 3.760%** 1.007 0.0305 0.296
(0.837) (0.883) (0.170) (0.326)
S x,[In(GDP per capital)]* -0.190%*** -0.0537 -0.00114 -0.0119
(0.0485) (0.0480) (0.00920) (0.0143)
B,1[population density] -1.226%** 0.182
(0.288) (0.176)
B2l GDPprimary/ GDP] -3.271%%* -0.458
(1.072) (0.485)
B3 FDI] 0.0359%* 0.00703
(0.0160) (0.00877)
Constant -18.84%%* 1.344 -0.180 -2.594
(3.747) (5.372) (0.790) (2.491)



Observations 805 802 804 801
Number of id 31 31 31 31
Hansen test 0.6932 0.4689 0.5342 0.3077

Robust standard errors in parentheses
*x% p<0.01, ** p<0.05, * p<0.1

Table 4.1 presents the regression results for the relationship between fertilizer application intensity
and economic growth. In the baseline specification (Model I) and the dynamic model without controls
(Model III), the coefticients on both the linear and squared terms of per capita GDP are statistically
insignificant, thus failing to support the EKC hypothesis.

However, the EKC relationship emerges and becomes statistically significant once control variables
are included in both the static (Model II) and dynamic (Model IV) specifications. To mitigate
endogeneity, the levels of real per capita GDP and its square are instrumented using their second lags,
with up to three latent factors removed from both the endogenous regressors and instruments to
eliminate common components. Similarly, the control variables, population density, primary industry
share, and FDI ratio, are instrumented using their first lags, with up to two latent factors extracted.
Notably, in our most comprehensive specification (Model IV), the coefficient on the linear term of per
capita GDP is significantly positive (p<0.01), while the coefficient on the squared term is significantly
negative (p<0.01). This finding is perfectly consistent with the theoretical prediction of an inverted U-
shaped EKC. The result implies that while fertilizer intensity increases with income in the early stages
of economic development, it begins to decline after a certain income threshold is surpassed. Based on
the estimates from Model 1V, the calculated turning point of the EKC occurs at a per capita income
level of approximately 91,900 RMB. Furthermore, the coefficient on the lagged dependent variable

(L.Infearea) is highly significant at the 1% level, indicating a strong persistence or inertia effect in



fertilizer application.

Regarding the control variables, the share of the primary industry in GDP exerts a significant
positive influence on fertilizer intensity. This suggests that provinces with a higher dependency on
agriculture tend to rely more heavily on fertilizer inputs to sustain and boost grain production.
Similarly, the FDI ratio is also found to have a significant positive impact, suggesting that foreign
investment inflows are associated with increased fertilizer use. Finally, the Hansen test of
overidentifying restrictions is passed in all models, which supports the validity of our chosen
instruments and the overall model specification.

Table 4.2 reports the EKC regression results for nitrogen fertilizer use intensity. In Models I to III,
the relationship between nitrogen fertilizer and economic growth is mostly insignificant, with only a
marginally significant inverted U-shaped trend observed in Model II. However, in the core model
(Model 1V), which includes both control variables and dynamic effects, the coefficients of the linear
and squared terms of per capita GDP are significantly positive and negative at the 5% level,
respectively. This clearly supports the validity of the EKC hypothesis. This result indicates that as the
economy grows, nitrogen fertilizer use intensity follows a path of first rising and then falling. We
calculated that its turning point corresponds to a per capita GDP of approximately 17,400 yuan. In
Model II and Model IV, real per capita GDP and its square are instrumented using their second lags,
with up to three latent factors removed to account for unobserved common components. Meanwhile,
population density and FDI ratio are instrumented using their first lags, with up to two latent factors
extracted.

This result is consistent with several domestic and international empirical studies. The study by Li
et al. (2016) also shows that fertilizer use and economic growth in China had a significant inverted U-
shaped relationship in provincial panel data from 1989-2009. The findings of Yu et al. (2022) also

indicate that the application of nitrogen fertilizer in China has been decreasing since 2014. However,



differences remain among studies regarding the level of the turning point and regional variations. Liu
etal. (2021) found in their county-level study that fertilizer use intensity in some parts of China showed
an "N-shaped" relationship, suggesting that regional differences in environmental regulations and
green technologies may lead to inconsistencies in the timing of the EKC turning point.

Turning to the control variables, neither population density nor the FDI ratio has a statistically
significant impact on nitrogen fertilizer intensity. In contrast, the coefficient for industrial structure
(share of the primary industry) is significantly positive. This implies that regions with a higher
proportion of agriculture in their economy tend to have greater nitrogen fertilizer input intensity, likely
reflecting a dependency on fertilizers to ensure food security. Finally, all models pass the Hansen test
of overidentifying restrictions, supporting the validity and appropriateness of our chosen instrumental
variables.

Table 4.3 reports the EKC regression results for phosphate fertilizer use intensity. To mitigate
endogeneity, in the Model II and Model IV, real per capita GDP and its square are instrumented using
their second lags, with up to three latent factors removed to eliminate common components.
Meanwhile, population density, FDI ratio, and the primary industry share are instrumented using their
first lags, with up to two latent factors extracted through defactoring. Unlike the findings for total
chemical and nitrogen fertilizers, the results do not support an EKC relationship between phosphate
fertilizer application intensity and economic growth. Under all four model specifications, regardless
of whether control variables or dynamic effects are introduced, the coefficients of per capita GDP and
its squared term do not reach a statistically significant level. This result stands in contrast to some
previous research, such as Li et al. (2014), who found an inverted U-shaped relationship.

Although the EKC hypothesis is rejected, the model results reveal a strong path dependency in
phosphate fertilizer application. In the dynamic specifications (Models III and IV), the coefficient on

the lagged dependent variable is highly significant at the 1% level, indicating that application levels



are strongly determined by their historical values. Among the other covariates, the significant positive
effect of Foreign Direct investment (FDI) is particularly noteworthy. This may imply that FDI inflows
have promoted the adoption of modern agricultural technologies or intensive production models that
are more phosphorus-dependent, thereby increasing its consumption. In contrast, neither population
density nor industrial structure exerts a significant influence in this model.

In summary, while our analysis does not identify a significant inverted U-shaped relationship
between phosphate fertilizer use and economic growth, it does uncover a significant path dependency
and a foreign investment-driven effect in its application. This finding suggests that, at the current stage
of development, achieving phosphate reduction targets cannot be expected to occur through an
"automatic adjustment”" mechanism of economic growth alone. Instead, it necessitates targeted policy
interventions and precisely aimed technological advancements.

Table 4.4 presents the regression results for pesticide input intensity, where the findings vary
substantially across specifications, revealing a high degree of sensitivity of the EKC relationship to
the chosen model configuration. All potentially endogenous variables, including real per capita
GDP, its square, population density, FDI ratio, and primary industry share are instrumented
by their second lags, with up to three latent factors extracted to remove unobserved common
components.

Specifically, in the static specification with control variables (Model II), the coefficients on the
linear and squared terms of per capita GDP are significantly positive and negative, respectively. This
provides initial evidence for an inverted U-shaped EKC, with a calculated turning point of
approximately 10,200 RMB. However, this relationship proves not to be robust. In the dynamic model
without controls (Model III), while the coefficients remain significant, the estimated turning point
(approximately 1.47 million RMB) lies far outside the sample range, rendering it economically

meaningless. These initial findings are consistent with some existing literature. Wang et al. (2022)



noted a general decline in pesticide intensity in China after 2012, which aligns with the inverted U-
shape found in Model II, and Li et al. (2014) also identified a significant inverted U-shaped
relationship. More importantly, in the final model (Model IV), which considers both dynamic effects
and control variables, the aforementioned EKC relationship completely disappears. The coefficients
of per capita GDP and its squared term are no longer statistically significant.

Nevertheless, the effects of certain control variables merit attention. For example, the results from
Model II show that industrial structure has a significant positive effect on pesticide use, while foreign
direct investment (FDI) shows a significant negative effect. This might suggest that FDI promotes
greater efficiency in pesticide use through technology spillovers.

Table 4.5 shows the estimation results for the input intensity of agricultural plastic film. In Models
I and II, the signs of the coefficients for per capita GDP and its squared term are consistent with the
Environmental Kuznets Curve (EKC) hypothesis, but they do not reach statistical significance.
However, after considering dynamic inertia in Models III and 1V, plastic film use shows a strong path
dependency; the coefficient of the first-order lag is significantly positive at the 1% level, indicating
that past inputs have a significant impact on current inputs. Particularly in Model 1V, the linear term
of per capita GDP is positive and the squared term is negative, both significant at the 1% level. This
is consistent with the inverted U-shaped EKC hypothesis, with a turning point corresponding to a per
capita GDP level of approximately 40,500 yuan per person. In addition, all models passed the Hansen
test, indicating that the instrumental variable setup is reasonable.

The results for the control variables in Model IV show that industrial structure has a significant
positive effect on plastic film input intensity, while population density and foreign direct investment
do not show a significant impact. Overall, a significant EKC relationship exists between the use
intensity of plastic film and economic growth, but this relationship is conditioned by strong path

dependency and industrial structure factors.



To mitigate endogeneity, in Models II and IV real per capita GDP and its square are instrumented
using their second lags, with up to three latent factors extracted to remove common components. In
addition, population density, primary industry share, and FDI ratio are instrumented using their first
lags, with up to two latent factors defactored.

Table 4.6 reports the EKC regression results for agricultural diesel consumption intensity. The
conclusion is that no EKC relationship exists between agricultural diesel consumption and economic
growth. Under all static and dynamic model specifications, per capita GDP and its squared term did
not pass the significance test. Furthermore, the signs of the coefficients for these two core variables
show instability across different models, further confirming the lack of a recognizable and stable
quadratic relationship.

Although the EKC hypothesis does not hold, the model results reveal that agricultural diesel
consumption has a very strong path dependency. In the dynamic models (Models III and IV), the
coefficient of the first-order lag is not only highly significant at the 1% level, but its value is also very
close to 1. This indicates that the current period's consumption is largely determined by the previous
period's consumption level. This strong inertia may be closely related to the stock of agricultural
machinery, technological lock-in effects, and long-standing farming practices.

To mitigate endogeneity, in Models II and IV real per capita GDP and its square are instrumented
using their second lags, with up to three latent factors removed from both the regressors and
instruments to eliminate unobserved common components. Meanwhile, population density and FDI
ratio are instrumented using their first lags, with up to two latent factors extracted through defactoring.

Finally, the Hansen test of overidentifying restrictions did not reject the null hypothesis in all four
models, indicating that the instrumental variables used in this study are valid and reasonable.

Table 4.7 reports the regression results for the intensity of total agricultural machinery power, and

its conclusion reveals the sensitivity of the EKC relationship to the model specification. In the basic



model without control variables (Model I), the results show a typical inverted U-shaped relationship:
the linear term of per capita GDP is significantly positive, and the squared term is significantly
negative, with a calculated turning point of approximately 19,800 yuan per person.

In Models II and IV real per capita GDP and its square are instrumented using their second lags,
with up to three latent factors extracted to eliminate common unobserved components. Meanwhile,
population density, FDI ratio, and primary industry share are instrumented using their first lags, with
up to two latent factors removed through defactoring.

However, when we introduce control variables in Models II and IV, this EKC relationship no longer
holds, and the coefficients of per capita GDP and its squared term lose their statistical significance.
This shift suggests that the key factors affecting agricultural machinery power may not be general
economic growth, but rather other specific factors related to it. For example, in Model II, population
density and industrial structure have a significant negative impact on machinery power, while foreign
direct investment (FDI) shows a significant positive promotional effect, which could be related to
technological upgrading or capital deepening brought by foreign investment.

This finding has important policy implications: simply relying on economic growth to automatically
achieve the "turning point" for sustainable agricultural transformation may not be reliable. Policy
efforts should focus more on directly promoting technological progress and efficiency improvements,
for example, by increasing the operational efficiency per unit of horsepower through subsidies or R&D

support, thereby accelerating the process of green agricultural modernization.

H.Conclusion

This study systematically examined the relationship between economic growth and the intensity of



agricultural chemical inputs in Chinese provinces from 1993-2020 and tested the Environmental
Kuznets Curve (EKC) hypothesis. The results both validated the EKC hypothesis for some agricultural
chemicals and found cases that do not follow the EKC pattern, highlighting the complexity of China's
agricultural environmental problems.

First, the input intensities of chemical fertilizer, nitrogen fertilizer, and agricultural plastic film all
conform to the EKC hypothesis, showing a typical inverted U-shape and having already passed their
turning points. The turning point for chemical fertilizer is at a per capita GDP of approximately 91,900
yuan, for plastic film, it is around 40,500 yuan, and for nitrogen fertilizer, it is around 17,400 yuan.
This indicates that China has entered a stage where the intensity of these inputs is declining, and
economic growth is now promoting their gradual decrease rather than causing a continued increase.
This finding is consistent with the promotion of green agricultural policies and efficient input
technologies in China in recent years.

Second, the results for pesticide intensity show an inverted U-shape in the model with control
variables (Model II), with a turning point of about 10,200 yuan, meaning many provinces have reached
or surpassed their peak pesticide use. However, its significance depends on the model specification.
Total agricultural machinery power only shows an inverted U-shaped EKC curve in the static baseline
model (Model 1), with a turning point of about 19,800 yuan, but this relationship is not robust and no
longer holds after introducing dynamic effects and control variables. The use of agricultural machinery
power may be constrained by technical support, pest control systems, and local government
supervision, so relying only on economic development is not enough to bring about its turning point.

Third, the EKC hypothesis does not hold for the use intensity of phosphate fertilizer and diesel fuel.
They are not significant under any model, which means their use intensity does not naturally decline
as income rises. Diesel input, in particular, shows strong path dependency and is driven more by

historical stock than by economic growth.



From a policy perspective, the research suggests that differentiated governance strategies should be
adopted. For chemicals like fertilizer and plastic film, where the EKC is established, the policy focus
should shift to consolidating efficiency gains and ensuring the sustainability of the reduction. For
pesticides and machinery power, targeted supervision and regional monitoring are needed. Finally, for
phosphate fertilizer and diesel fuel, where the EKC hypothesis does not hold, the government should
intervene promptly. It should invest in technological innovation, strengthen regulation, and popularize
agricultural education and technical assistance to guide the sector towards sustainable development.

Overall, this study shows that the EKC hypothesis is only partially applicable in China's agricultural
sector and should not be seen as an automatic process. Especially for phosphate fertilizer and
agricultural diesel, effective policy intervention remains the key to achieving the dual goals of

agricultural modernization and environmental sustainability.
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