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Abstract: Reducing agricultural carbon emissions while maintaining farm productivity is central to sustainable agricultural devel-
opment in China. Focusing on Shandong Province, this study estimates agricultural carbon emissions from 2000 to 2021 using the
Intergovernmental Panel on Climate Change approach and measures agricultural green total factor productivity with the epsilon-based
measure–global Malmquist–Luenberger (EBM–GML) index. An extended STIRPAT model and scenario analysis are then used to
examine emission drivers and project the implications of alternative fertilizer-reduction and pesticide-reduction pathways. To comple-
ment the aggregate analysis, we use survey data from 174 wheat farms and a slack-based measure of ecological efficiency to assess
whether lower chemical input use is compatible with farm performance. Provincial agricultural carbon emissions followed an inverted
V-shaped trajectory, rising initially and declining after 2008. Under the simulated reduction scenarios, fertilizer and pesticide use in
2035 are projected to fall by 0.85–1.13 million tons and 0.04–0.05 million tons, respectively, relative to 2020, while agricultural carbon
emissions decline by 14.09–20.18 million tons. At the farm level, fertilizer and pesticide use are negatively associated with ecological
efficiency. Nonlinear estimates further indicate that fertilizer application beyond approximately 121 jin per mu for yield and 103 jin
per mu for net returns is associated with diminishing farm performance. Together, the macro-level and micro-level evidence suggests
that more efficient chemical input use can support emission reduction without necessarily compromising productivity. Policies should
therefore combine input optimization with green technological innovation and low-carbon farming practices.
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1. Introduction

With the increasing severity of global extreme climate
changes and environmental pollution, the uncertainty in agricul-
tural production has risen sharply, posing a threat to human
survival and the sustainable development of society and the econ-
omy [1, 2]. Agriculture, as a crucial source of food for human
survival, also profoundly affects the carbon cycle of ecosystems
and greenhouse gas (GHG) emissions [3, 4]. Agriculture is not
only a significant source of carbon emissions but also has the
potential to function as a carbon sink [5]. Reducing agricultural
carbon emissions helps control global climate change, protect the
environment, and enhance sustainable agricultural development
[6]. In the global context of responding to climate change, low-
carbon agriculture characterized by “low energy consumption,
low emissions, low pollution, and high carbon sequestration” will
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become the inevitable trend for the future development of agricul-
tural economics [7]. China has actively contributed to addressing
global climate change and has made significant contributions to
emissions reduction. In 2020, it set forth an ambitious goal of
striving to peak carbon dioxide emissions by 2030 and achieve
carbon neutrality by 2060 [8].

In modern agriculture, fertilizers and pesticides play an indis-
pensable role in increasing crop yields and ensuring food security
[9, 10]. However, their use also constitutes a significant source
of carbon emissions [11, 12]. Excessive application of fertilizers
and pesticides not only promotes GHG emissions from the soil
but also accelerates the process of global climate change [13]. The
reasonable and scientific use of fertilizers and pesticides is crucial
for ensuring the sustainability and environmental friendliness of
agricultural production [14]. The intensity of pesticide and fer-
tilizer use in China far exceeds the world average, being about
three times and 2.5 times the global average, respectively [15, 16].
In 2015, the Ministry of Agriculture and Rural Affairs issued the
“Zero Growth Action Plan for Fertilizer and Pesticide Use by
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2020,” aiming to achieve zero growth in fertilizer use for major
crops by 2020 [17]. Recently, the Chinese government issued the
“Opinions on Deepening the Fight Against Pollution,” which puts
forward new requirements for controlling agricultural non-point
source pollution and monitoring rural ecosystems [18]. Against
the backdrop of “zero growth” in fertilizer and pesticide use and
the “dual carbon targets,” studying the impact of agricultural
carbon emissions on the environment holds significant practical
importance.

As one of China’s key agricultural production regions, Shan-
dong Province has abundant water and soil resources. Shandong
plays a significant role in ensuring national food security due to
its high agricultural output [19]. However, for a long time, agri-
cultural production in Shandong has been constrained by the
high-input, high-output, high-emission model of chemical agri-
culture [20]. Since the “zero growth” initiative for fertilizer and
pesticide use was introduced in 2015, Shandong has achieved
remarkable results, leading the nation in fertilizer reduction with
a total decrease of 826,000 tons of fertilizer and 42,800 tons of
pesticides. In Shandong’s efforts to establish a pioneering zone for
green, low-carbon, and high-quality development, exploring path-
ways to low-carbon and high-quality agricultural development is
crucial.

Accurate carbon emission measurement is essential for
achieving the “dual carbon” targets [21, 22]. Scholars have con-
ducted considerable research on agricultural carbon emissions,
focusing primarily on carbon emission measurement [23, 24],
spatiotemporal characteristics [25], and influencing factors [26],
with scales ranging from national and provincial to county levels
[27, 28]. Recent studies have further expanded the literature from
multiple perspectives. Yang et al. [29] investigated the effects of
agricultural practices on agricultural carbon emission efficiency
in China, finding that fertilizer and pesticide inputs may bene-
fit from economies of scale, whereas agricultural machinery and
irrigation tend to generate diseconomies of scale. Their study fur-
ther identified significant spatial spillover effects across regions.
Similarly, Wang et al. [30] examined the spatiotemporal evolution
of agricultural carbon emission efficiency in the Yangtze River
Economic Belt, identifying pronounced spatial clustering and
positive spillover effects. Their results further pinpoint pesticide
use as a major constraint on efficiency gains. Beyond the Chinese
context, Balogh [31] examined the effects of agricultural develop-
ment and trade on CO2 emissions across 152 non-EU countries,
finding that agricultural development generally drives emissions
upward, whereas the environmental implications of agricultural
trade and trade agreements prove more nuanced. In addition, Rai-
han and Tuspekova [32], using Brazil as a case study, found that
agricultural value added contributed to CO2 emissions, whereas
renewable energy consumption and forested area served to alle-
viate environmental pressure. Collectively, these studies indicate
that agricultural carbon emissions and carbon efficiency are influ-
enced not only by direct input use but also by spatial interactions,
trade structures, and broader economic and ecological contexts.
Relative to other sectors, the heterogeneous nature of agricul-
tural production substantially complicates the sources of carbon
emissions [33].

Methods for measuring agricultural carbon emissions pri-
marily include life cycle assessment (LCA) theory and the
Intergovernmental Panel on Climate Change (IPCC) methodol-
ogy. Schueler et al. [28] examined the utility of the IPCC Tier 1
methodology in distinguishing the carbon footprints (CFs) of
milk production across different Norwegian dairy farms. Using
data from 20 dairy farms, the authors evaluated the uncertainties

associated with emissions by conducting Monte Carlo simula-
tions. Rahman et al. [34] performed an LCA of conventional
rice farming in Malaysia, adopting a cradle‐to‐gate framework to
examine GHG emissions across the main stages of rice produc-
tion. All inputs—including fertilizers, soil conditioners, pesticides,
and fuel—were accounted for throughout the production chain,
from seed cultivation and land preparation through to seeding,
field maintenance, and harvesting. The findings show that pro-
ducing one ton of un‐milled rice grain generates 1.39 tons of CO2
equivalent, with CH4 emissions from field cultivation accounting
for 76.85% of the total [34]. Yao et al. [35] explored the feasi-
bility of coupling LCA with the RothC model to estimate the
CF of wheat production systems incorporating green manure in
China. Their work centered on assessing current and future CF
mitigation potential through the replacement of summer fallow
with leguminous green manure (LGM) on the Loess Plateau, a
semi‐arid region of the country. The findings indicate that while
LGM treatments initially entail higher GHG emissions from agri-
cultural inputs, they substantially increased soil organic carbon
stocks by 14%–24% over an eight‐year period. As a result, the
CF was reduced by 25%–51% relative to conventional fallow
systems [35].

Research on the relationship between agricultural input
resources and carbon emissions in the agricultural sector remains
comparatively scarce. As a leading agricultural province, Shan-
dong Province offers a valuable case for characterizing carbon
emission patterns and trajectories, with important strategic impli-
cations for the green transformation of agriculture in both
the province and the country at large [36]. This study adopts
the carbon emission coefficient method, with a focus on agri-
cultural inputs, to estimate agricultural carbon emissions in
Shandong Province. On this basis, carbon emissions are treated
as an undesirable output, and the epsilon-based measure–global
Malmquist–Luenberger (EBM–GML) model is employed to
measure green total factor productivity (GTFP) in Shandong’s
agricultural sector. Furthermore, the STIRPAT model is utilized
to examine the determinants of emissions and to project agricul-
tural carbon emissions in Shandong for 2035, with the goal of
furnishing policy‐relevant insights for the province’s low‐carbon
agricultural transition.

2. Research Content and Methodology

2.1. Overview of the study area

Shandong Province (114°47.5’E to 122°42.3’E, 34°22.9’N to
38°24.0’N) is bordered by the sea on its north, east, and south
sides, facing the Bohai Sea and Yellow Sea, and located in the
lower reaches of theYellowRiver. It is one of China’s key economic
provinces. Centered around its capital, Jinan, Shandong comprises
16 prefecture-level cities, including Jinan, Qingdao, Yantai, and
Weifang, covering a total area of approximately 157,900 square
kilometers, with a resident population of 101.23 million in 2023.
Shandong has a warm temperate monsoon climate, characterized
by four distinct seasons andmild conditions,with anannual average
temperature of 11–14 °C, 2290–2890 h of sunlight, and 550–950
mm of precipitation. The main soil types for cultivated land are
fluvo-aquic soil, brown soil, and cinnamon soil.

As a major agricultural province in China, Shandong
is an essential agricultural production base, with cultivated
land accounting for 6.17% of the national total, ranking third
nationwide, and its agricultural value added consistently ranks
first. Shandong’s total grain output has been among the top
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three in the country for many years, with leading production vol-
umes in grains, vegetables, fruits, meat, eggs, milk, and aquatic
products. In 2023, the total output value of agriculture, forestry,
animal husbandry, and fisheries was 1.25319 trillion yuan, with
a total grain output of 56.553 million tons. With the rapid
development of agriculture and the advancement of agricultural
modernization, the use of chemical inputs such as fertilizers and
pesticides has increased significantly, leading to notable agricul-
tural environmental pollution and substantial GHG emissions,
which pose serious challenges to achieving the “dual carbon”
targets [37]. Reasonably and accurately estimating agricultural
carbon emissions in Shandong is crucial for devising effective agri-
cultural emission reduction measures and promoting sustainable
agricultural development.

2.2. Methodology

The IPCC is an international organization founded by the
United Nations Environment Programme and the World Mete-
orological Organization. The mission of the IPCC is to evaluate
scientific, social, and economic information pertaining to climate
change. Among the tools it provides, the IPCC methodology is
extensively employed for estimating GHG emissions and features
prominently in research on agricultural carbon emissions [38]. The
IPCC methodology follows a basic computational procedure that
begins with identifying the principal sources of agricultural car-
bon emissions and then multiplies the activity data for each source
by its corresponding emission factor to derive GHG emissions
from individual agricultural categories. These emissions are subse-
quently converted into carbon dioxide equivalents using the global
warming potential values assigned to different gases, thereby pro-
ducing an aggregate carbon emission total. Here, the emission
factor refers to the amount of GHG emissions generated per unit
of activity or energy use [39]. The specific calculation formula is
as follows:

CT = ∑6

i=1
ci f i (1)

Based on existing studies, this research identifies chemical
fertilizers, pesticides, agricultural diesel, agricultural plastic film,
irrigation, and tillage as the six primary carbon sources in agricul-
tural production in Shandong Province [40–42]. In Equation (1),
CT represents the total carbon emissions, ci (where i = 1, 2,
. . . , 6) denotes the usage quantity of each input factor, and f i
represents the carbon emission factor for each input factor. The
carbon emission factors involved in the calculation of agricultural
carbon emissions for Shandong Province are organized in Table 1.

To address issues such as the inclusion of undesirable outputs
and the simultaneous presence of radial and non-radial factors,
Tone et al. [41] proposed the Epsilon-based measure (EBM)
model. The input-oriented EBM model under variable returns to
scale is as follows:

𝛾∗ = min
𝜃−𝜀x∑m

i=1

w−i s−i
xi0

𝜑 + 𝜀y∑s
r=1

w+r s+r
yr0

s.t
⎧⎪⎪⎨⎪⎪⎩

n∑
j=1

xi j𝜆 j + s−i = 𝜃xi0
n∑
j=1

yr j𝜆 j − s+r = 𝜑yr0𝜆 j ≥ 0,∑𝜆 = 1, s−i , s+r ≥ 0

(2)

In Equation (2), 𝛾∗ represents the comprehensive efficiency
value; x and y denote inputs and desirable outputs, respectively;
m and s represent the number of input and desirable output indi-
cators; and w−i and w+r are the weights for the i-th input and the
r-th desirable output, respectively. s−i and s+r are the slack vari-
ables for the i-th input and the r-th desirable output, respectively.𝜃 and 𝜑 denote the parameters for the radial part; 𝜀 represents
the importance parameter for the non-radial part, and n indicates
the number of decision-making units.

Färe et al. [42] developed the data envelopment analy-
sis–based Malmquist productivity index, which can be decom-
posed into technical efficiency change and technical progress.
However, the Malmquist index may encounter infeasibility in lin-
ear programming. Following Oh [43], this study adopts the global
Malmquist–Luenberger (GML) index to measure GTFP. This
approach further decomposes GTFP into green technical effi-
ciency change (GEC) and green technical progress (GTC). The
formula is given as follows:

GMLt,t+1 (xt, yt, xt+1, yt+1, zt+1)
= EG,t+1(xt+1, yt+1, zt+1)

EG,t(xt, yt, zt)
= EG,t(xt+1, yt+1, zt+1)

EG,t(xt, yt, zt)
× EG,t+1(xt+1, yt+1, zt+1)/Et+1(xt+1, yt+1, zt+1)

EG,t(xt, yt, zt)/Et(xt, yt, zt)= GECt,t+1 × GTCt,t+1

(3)

Table 1
Carbon emission factors for different inputs

Item Emission parameter Unit Reference source

Nitrogen fertilizer 2.116 kg C/kg Chen et al.

Phosphate fertilizer 0.636 kg C/kg Chen et al.

Potassium fertilizer 0.18 kg C/kg Chen et al.

Compound fertilizer 1.772 kg C/kg CLCD v0.7

Pesticides 12.44 kg C/kg Ecoinvent v2.2

Agricultural diesel 0.59 kg C/kg IPCC

Agricultural plastic film 2.58 kg C/kg Sun et al.

Irrigation 266.48 kg C/hm-2 IPCC

Tillage 312.6 kg C/hm-2 IPCC
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GEC reflects the extent to which a production unit moves closer
to the production frontier from period t to t + 1. GTC cap-
tures the outward shift of the production frontier over time.
Values of GTFP, GEC, and GTC greater than 1 indicate growth
or improvement, whereas values below 1 indicate decline or
deterioration.

The STIRPAT model is a variant of the IPAT model, which is
widely used to examine the environmental impacts of human activi-
ties. In the IPATframework, environmental impact (I) is determined
by three key factors: population (P), affluence (A), and technology
(T). The basic expression of the IPAT model is as follows:

I = 𝛼PnAmTz𝜀 (4)

In Equation (4), 𝛼 is the constant term, n is the exponent
for the population variable, m is the exponent for the afflu-
ence variable, and z is the exponent for the technology variable.
After taking the logarithm, the equation can be transformed into
Equation (5):

ln I = ln𝛼 + n lnP +m lnA + z lnT + ln 𝜀 (5)

The basic concept of the IPAT model is that increases in pop-
ulation, economic development, and the use and innovation of
technology all impact the environment. Population growth and
economic development tend to drive up resource consumption
and intensify environmental pressures. Technological progress
can, to a certain degree, lower the environmental footprint
per unit of output; however, when technological advances are
over‐relied upon or misapplied, they may still give rise to environ-
mental problems. The STIRPAT model incorporates stochastic
components, which enable it to accommodate the uncertainty and
variability inherent in environmental impacts, thereby offering a
more realistic representation of actual conditions. In this study,
we employ an extended version of the STIRPAT framework and
conduct the analysis using a multiple linear regression model, as
specified below:

ln I = ln𝛼 + 𝛽1 ln x1 + 𝛽2 ln x2 + 𝛽3 ln x3 + 𝛽4 ln x4+𝛽5 ln x5 + 𝛽6 ln x6 + 𝛽7 ln x7 + 𝛽8 ln x8+𝛽9 ln x9 + ln 𝜀 (6)

In Equation (6), x1–x9 represent pesticide input, fertil-
izer input, agricultural diesel input, agricultural plastic film
input, effective irrigation area, mechanical power, urbanization

level, industrial structure, and the level of agricultural economic
development, respectively.

Ridge regression is a linear regression method that can
be used to address multicollinearity in a dataset. Ridge regres-
sion applies a constraint on the model’s regression coefficients
to reduce their variance, thereby improving the model’s stability
and predictive performance. This is achieved by introducing an
adjustment term known as the ridge parameter or regularization
parameter. The ridge parameter controls the strength of regular-
ization; a larger ridge parameter results in stronger shrinkage of
the regression coefficients, reducing the impact of multicollinear-
ity on the coefficient estimates. When multicollinearity is present,
using ordinary least squares (OLS) estimation does not yield a
unique solution. To obtain a unique solution for the parameter
vector, regularization is applied by adding a penalty term to the
loss function:

min𝛽 L (𝛽) = (y − X𝛽)′ (y − X𝛽)⏟⎵⎵⎵⎵⎵⏟⎵⎵⎵⎵⎵⏟
SSR

+ 𝜆|| 𝛽 ||22⏟⎵⏟⎵⏟
penalty

(7)

In Equation (7), the sum of squared residuals (SSR) and the
penalty term are included. This regularization term effectively pre-
vents model overfitting and addresses the difficulty of inversion
in cases of rank deficiency. The advantage of ridge regression is
that it can effectively reduce the impact of multicollinearity on
the estimation of regression coefficients and improve the model’s
generalization ability.

2.3. Data sources

The agricultural input and output data related to this
study mainly come from the Shandong Statistical Yearbook
(2000–2022), China Rural Statistical Yearbook, statistical year-
books of various prefecture-level cities in Shandong Province, and
statistical websites. A descriptive statistical analysis of the main
agricultural carbon sources in Shandong Province is shown in
Table 2. A list of abbreviations used in this study is provided in
Appendix Table A1.

3. Results

3.1. Carbon emissions and carbon intensity

Based on the calculation results, Figure 1 presents the trends
in agricultural carbon emissions and carbon emission intensity

Table 2
Descriptive statistical analysis of agricultural inputs and outputs

Variable Mean Std. Dev Min Max Unit

Agricultural output value 215.58 13.68 29.72 630.35 Billion Yuan

Nitrogen fertilizer 34.92 18.23 5.26 76.12 104 Tons

Compound fertilizer 19.58 17.15 5.07 86.39 104 Tons

Potassium fertilizer 6.91 38.7 0.65 15.81 104 Tons

Phosphate fertilizer 14.91 10.08 1.84 47.85 104 Tons

Pesticides 0.94 0.49 0.22 2.47 104 Tons

Agricultural diesel 10.45 8.02 1.09 35.12 104 Tons

Agricultural plastic film 1.87 1.69 0.21 8.29 104 Tons

Irrigation area 312.03 148.02 98.57 689.89 103 Hectares

Crop area 69.39 35.63 19.06 155.79 104 Hectares
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Figure 1
Agricultural carbon emissions and carbon emission intensity in

Shandong Province, 2000–2021

0

0.5

1

1.5

2

2.5

0

500

1000

1500

2000

2500

3000

3500

2
0
0
0

2
0
0
1

2
0
0
2

2
0
0
3

2
0
0
4

2
0
0
5

2
0
0
6

2
0
0
7

2
0
0
8

2
0
0
9

2
0
1
0

2
0
1
1

2
0
1
2

2
0
1
3

2
0
1
4

2
0
1
5

2
0
1
6

2
0
1
7

2
0
1
8

2
0
1
9

2
0
2
0

2
0
2
1

U
n

it
: 

1
0

4
to

n
s

Carbon emissions from agriculture (tons)

Carbon emission intensity (tons/billion dollars)

in Shandong Province over the period 2000–2021. Agricultural
carbon emissions in the province followed an inverted‐V trajectory
over these years. From 2000 to 2007, emissions rose from 30.52
million tons to 33.18 million tons, representing an increase of
2.66 million tons (8.70%). After 2008, emissions began to decline,
falling from 31.79 million tons in 2008 to 25.41 million tons in
2021—a reduction of 6.38 million tons, or 20.10%.

In terms of input factors, in 2000, fertilizers, tillage, and
pesticides contributed the most to agricultural carbon emissions,
accounting for 22.50 million tons, 3.49 million tons, and 1.75
million tons, respectively, representing 73.70%, 11.40%, and
5.70% of total emissions. When agricultural carbon emissions
peaked in 2007, the carbon emissions from fertilizers, tillage,
and pesticides reached 24.25 million tons, 3.56 million tons, and
2.06 million tons, accounting for 73.10%, 10.70%, and 6.20%,
respectively. By 2021, following the zero-growth initiative for fer-
tilizer and pesticide use, the top three contributors to agricultural
carbon emissions were fertilizers, tillage, and irrigation, with con-
tributions of 17.83 million tons, 3.42 million tons, and 1.42 million
tons, representing 70.20%, 13.50%, and 5.60%, respectively. Pesti-
cides became the fourth-largest contributor to carbon emissions,
with emissions of 1.35 million tons, accounting for 5.30%.

Across prefecture-level cities in Shandong, the top five cities
in agricultural carbon emissions in 2000 were Weifang, Linyi,

Heze, Jining, and Dezhou, with emissions of 3.50 million, 2.95
million, 2.72 million, 2.55 million, and 2.52 million tons, respec-
tively. In 2007, the top five cities were Weifang, Linyi, Heze,
Jining, and Dezhou, with emissions of 3.78 million, 3.30 million,
3.12 million, 2.83 million, and 2.77 million tons, respectively. In
2021, following the zero-growth initiative for fertilizer and pesti-
cide use, the top five cities were Heze, Weifang, Linyi, Dezhou,
and Jining, with emissions of 2.88 million, 2.62 million, 2.34
million, 2.18 million, and 2.13 million tons, respectively.

From 2000 to 2021, the intensity of agricultural carbon emis-
sions in Shandong showed a “rapid decline—stable decline” trend.
From 2000 to 2013, the intensity of agricultural carbon emis-
sions declined rapidly, decreasing from 2.34 million tons of carbon
emissions per 100 million yuan of agricultural output in 2000 to
0.69 million tons per 100 million yuan in 2013, with an average
annual decrease of 8.40%. From 2014 to 2021, the intensity con-
tinued to decline at a stable rate, falling from 0.65 million tons
per 100 million yuan in 2014 to 0.44 million tons per 100 million
yuan in 2021, with an average annual decrease of 2.40%.

3.2. Green agriculture total factor productivity in
Shandong Province

Based on agricultural panel data from Shandong Province
from 2000 to 2021, the EBM–GML model was used to mea-
sure and decompose the province’s agricultural GTFP (Figure 2).
Overall, agricultural GTFP in Shandong showed an upward trend
during this period, with growth primarily driven by agricultural
green technological progress, while agricultural green technical
efficiency hindered productivity growth. The average agricultural
GTFP in Shandong from 2000 to 2021 was 1.061, with a cumu-
lative productivity index of 2.279, indicating an average annual
growth rate of 6.10% and a cumulative increase of 127.90%.

Decomposing the agricultural GTFP, the average agricultural
green technical efficiency from 2000 to 2021 was 0.994, while the
average agricultural green technological progress was 1.068. This
indicates that agricultural green technical efficiency decreased by
an average of 0.60% per year, while agricultural green technology
advanced by an average of 6.80% per year.

By phases, agricultural GTFP in Shandong Province has
experienced three stages: “steady growth—M-shaped fluctuating
growth—steady growth.” From 2001 to 2007, agricultural GTFP

Figure 2
Green total factor productivity in agriculture and its trends, Shandong Province, 2001–2021
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in Shandong grew steadily, with an average productivity value
of 1.029, an average green technical efficiency of 0.994, and an
average green technological progress of 1.036. This indicates an
average annual growth rate of 2.90% in total factor productiv-
ity, an annual decline of 0.60% in green technical efficiency, and
an annual growth of 3.6% in green technological progress dur-
ing this period. Between 2007 and 2018, agricultural GTFP in
Shandong underwent two “M-shaped fluctuation” phases, with
an average productivity value of 1.074, an average green technical
efficiency of 0.997, and an average green technological progress
of 1.079. This signifies an annual growth rate of 7.40% in total
factor productivity, a 0.30% annual decrease in green technical
efficiency, and a 7.90% annual increase in green technological
progress. Notably, extreme weather events during this period led
to rapid declines in agricultural GTFP. From 2018 to 2021, GTFP
returned to steady growth, with an average productivity value of
1.088, an average green technical efficiency of 0.991, and an aver-
age green technological progress of 1.098. During this period,
total factor productivity grew at an average annual rate of 8.80%,
green technical efficiency declined by 0.90% per year, and green
technological progress increased by 9.80% per year.

Figure 3 reports the evolution of agricultural GTFP and its
decomposition across prefecture-level cities in Shandong Province
from 2001 to 2021. During this period, GTFP increased across all
sample cities. The top five cities in terms of agricultural GTFP
were Yantai (1.078), Zibo (1.077), Liaocheng (1.075), Dongying
(1.072), and Jining (1.071). Heze (1.046), Rizhao (1.046), and

Weihai (1.049) ranked lower in agricultural GTFP. In addi-
tion, this study compares agricultural green technical efficiency
across prefecture-level cities in Shandong. Cities with improved
agricultural green technical efficiency (efficiency greater than 1)
include Dongying, Jining, and Yantai. Cities where agricultural
technical efficiency remained unchanged (efficiency of 1) include
Zaozhuang, Jinan, and Zibo, while Binzhou, Dezhou, Heze,
Liaocheng, Linyi, Qingdao, Rizhao, Tai’an, Weihai, and Weifang
showed continuous declines in agricultural green technical effi-
ciency. Agricultural green technology also showed an overall
improvement trend across the sample cities. The top five cities in
agricultural green technological progress were Liaocheng (1.087),
Binzhou (1.078), Dezhou (1.078), Zibo (1.077), and Yantai (1.074).
Conversely, Zaozhuang (1.051), Rizhao (1.057), Tai’an (1.061),
Jinan (1.062), and Weifang (1.062) ranked relatively lower in terms
of agricultural green technological progress.

From 2001 to 2021, agricultural GTFP recorded positive
growth across all prefecture‐level cities in Shandong, driven largely
by advances in green agricultural technology. Although improve-
ments in green technical efficiency were observed in Dongying,
Jining, and Yantai, the average green technical efficiency in most
regions remained at or below 1, which limited their contribu-
tion to overall productivity gains. When examined by individual
year, the regions with the highest annual growth rates varied over
time: Yantai (4.80%), Dongying (3.40%), and Weifang (3.10%) led
in 2001; Weihai (13.60%), Linyi (13.20%), and Rizhao (13.10%)
topped the list in 2005; Weihai (28.70%), Qingdao (24.30%),

Figure 3
City-level comparison of agricultural green total factor productivity and its decomposition in Shandong Province
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and Zibo (23.50%) recorded the largest increases in 2010; Qing-
dao (12.30%), Liaocheng (10.10%), and Weihai (9.90%) regained
the lead in 2015; and by 2021, Rizhao (24.70%), Dongying
(24.50%), and Weifang (21.60%) emerged as the fastest‐growing
cities.

4. Scenario Forecasting and Analysis

Before estimating Equation (6), multicollinearity testing was
conducted, revealing that several variables had variance inflation
factors greater than 10, indicating a severe multicollinearity prob-
lem. Consequently, ridge regression, as shown in Equation (7),
was applied to estimate Equation (6), yielding the following fitted
equation:

ln I = 4.13 + 0.395 ln x1 + 0.081 ln x2 + 0.175 ln x3− 0.013 ln x4 − 0.069 ln x5 + 0.011 ln x6 − 0.023 ln x7+ 0.013 ln x8 − 0.021 ln x9

R2 = 0.998, lambda = 0.0679
(8)

The accuracy of this equation was tested using ten-fold
cross-validation, yielding a goodness-of-fit of 99.28%. Figure 4
shows the changes in the simulated and fitted values of carbon
emissions in Shandong Province. The simulated values are only

Figure 4
Actual versus fitted carbon emissions (2000–2021)

slightly lower than the actual values in some years, indicating a
good fit that effectively reflects the trends and characteristics of
agricultural carbon emissions in Shandong Province.

Scenario analysis is a decision-making method used to eval-
uate various possible scenarios and outcomes associated with a
specific decision or event. This approach involves the construction
of multiple scenarios, each subjected to quantitative or qualita-
tive analysis, so as to facilitate a more thorough understanding
and assessment of the potential risks and opportunities associated
with a given decision. In this study, scenario analysis is employed
to project agricultural carbon emissions in Shandong Province
over the period 2022–2035 (Table 3 and Figure 5). On the basis of
existing data and relevant research, the following four scenarios
are established:

1) Baseline Scenario: Under this scenario, only the reductions
in pesticide and fertilizer inputs are taken into account with
respect to their effects on agricultural carbon emissions. Based
on the average growth rate of fertilizer usage over the past
five years, the growth rate is set at −3.20% for 2022–2027
and −1.60% for 2028–2035. For pesticides, the average growth
rate over the past five years suggests a rate of −5.40% for
2022–2027 and −2.70% for 2028–2035. This parameter setting
is based on the premise that the rapid reduction in fertilizer
and pesticide use cannot be sustained long-term and should be
moderately reduced to ensure food security. Thus, the growth
rate in the latter period is set at 50% of the previous period’s
rate.

2) Low-Carbon Scenario: This scenario considers not only the
reductions in pesticide and fertilizer inputs but also the impact
of changes in agricultural diesel, plastic film, and effective
irrigation area on agricultural carbon emissions. Unlike the
baseline scenario, the reduction rate for pesticides and fer-
tilizers in 2028–2035 remains high, at 75% of the past five
years’ rate. For agricultural diesel, plastic film, and effective
irrigation area, the growth rate is set to match the past five
years’ average for 2022–2027 and the average growth rate from
2001–2021 for 2028–2035.

3) Enhanced Low-Carbon Scenario: This scenario represents a
more proactive approach to achieving low-carbon goals, with
strengthened measures to reduce GHG emissions. It includes
changes in agricultural diesel, plastic film, and effective
irrigation area, with the growth rates for 2022–2027 and

Table 3
Basic parameter settings for different scenarios

Scenario type Year

Fertilizer
growth
rate (%)

Pesticide
growth
rate (%)

Diesel
growth
rate (%)

Plastic
film growth

rate (%)
Irrigation area
growth rate (%)

Baseline scenario 2022–2027 –3.2 –5.4 – – –
2028–2035 –1.6 –2.7 – – –

Low-carbon scenario 2022–2027 –2.4 –4.05 –3.8 –2.1 0.45
2028–2035 –1.6 –2.7 –1.1 –1.05 0.55

Enhanced low-carbon
scenario

2022–2027 –3.2 –5.4 –3.8 –2.1 0.55

2028–2035 –3.2 –5.4 –3.8 –2.1 0.55
High-carbon development

scenario
2022–2027 –1.6 –2.7 –1.1 0.6 0.45

2028–2035 –1.6 –2.7 –1.1 0.6 0.45
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Figure 5
Carbon emissions prediction (2022–2035)
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2028–2035 aligned with the past five years, maintaining a
consistent rate of reduction.

4) High-Carbon Development Scenario: This scenario prioritizes
rapid agricultural growth with minimal emphasis on emissions
reduction. Here, the growth rates of agricultural input factors
for 2022–2027 and 2028–2035 are set to maintain only a low
growth level.

5. Farm-Level Evidence on Chemical Input Use and
Ecological Efficiency

The province- and city-level analyses document the evolution
of agricultural green productivity and the projected decline in car-
bon emissions under alternative fertilizer- and pesticide-reduction
scenarios. However, aggregate evidence alone cannot determine
whether lower chemical input use is compatible with efficient pro-
duction at the farm level. To provide complementary micro-level
evidence, we use survey data from wheat-producing households
in Shandong Province to examine the relationship between chem-
ical input intensity, farm ecological efficiency, and agricultural
performance. Specifically, we assess whether farms with lower fer-
tilizer and pesticide use achieve higher ecological efficiency and
whether input reduction is associated with losses in wheat yield
or farm returns. Given the cross-sectional nature of the data, the
estimates are interpreted as conditional associations rather than
causal effects.

5.1. Data and empirical specification

The farm-level analysis draws on a survey of 176 wheat-
producing households located in Changle County of Weifang,
Gaotang County of Liaocheng, and Yanzhou District of Jin-
ing. The survey records wheat production during the 2023

agricultural year and covers 5 townships and 12 villages. It
contains detailed information on fertilizer application, pesti-
cide expenditure and application frequency, wheat yield, pro-
duction costs, output prices, household characteristics, and
land conditions. After excluding two households with missing
ecological-efficiency scores, the estimation sample contains 174
observations.

Farm ecological efficiency is measured using the EBM. The
EBM approach explicitly accounts for input and output slacks
and therefore provides a more flexible assessment of inefficient
input use. The efficiency score ranges from zero to one, with a
higher value indicating that a household operates closer to the
ecological production frontier. The mean EBM efficiency score
in the estimation sample is 0.626, suggesting considerable hetero-
geneity in farm-level ecological performance. Descriptive statistics
for the farm-level variables are reported in Appendix Table A2.

To examine the farm-level relationship between chemical
input use and ecological efficiency, we estimate the following
specification:

EcoEff i = 𝛼 + 𝛽1lnFertilizeri + 𝛽2ln (Pesticidei) + Xi + 𝜀i (9)

where EcoEf f i denotes the ecological-efficiency score of
household i. Fertilizeri is fertilizer application per mu, while
Pesticidei is pesticide expenditure per mu. The vector Xi includes
the age and age squared of the household head, years of education,
self-rated health, household farm labor, part-time farming status,
planted area, number of plots, land quality, irrigation convenience,
high-standard farmland status, machinery ownership, and expo-
sure to weather shocks. All models are estimated using ordinary
least squares (OLS) with heteroskedasticity-robust standard errors.

Because fertilizer and pesticide inputs may also enter the
construction of the EBM score, the coefficients should not be
interpreted as causal effects. Instead, the regressions characterize
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whether the micro-level efficiency pattern is consistent with the
input-reduction relationship identified in the aggregate analysis.

5.2. Chemical inputs and farm ecological efficiency

Table 4 reports the relationship between chemical input
intensity and farm-level EBM ecological efficiency. Column (1)
includes fertilizer and pesticide inputs only. Column (2) adds
household characteristics, while Column (3) further controls for
farm and land conditions. The coefficients on fertilizer quan-
tity and pesticide expenditure remain negative and statistically
significant across all three specifications.

In the preferred specification reported in Column (3), the
coefficient on log fertilizer quantity is −0.2120, while that on
log pesticide expenditure is −0.0637. Both coefficients are sta-
tistically significant at the 1% level. These estimates imply that
a 10% increase in fertilizer use is associated with an approxi-
mately 0.021-point decline in the EBM efficiency score, whereas
a 10% increase in pesticide expenditure is associated with an
approximately 0.006-point decline. The stability of the coeffi-
cients after adding household and farm controls indicates that
the negative input-efficiency relationship is not driven solely by
observable differences in farmer characteristics or production
conditions.

Table 4
Chemical input intensity and farm-level EBM ecological efficiency

(1) (2) (3)

Inputs only + Household controls + Farm controls

Log fertilizer quantity –0.226*** –0.219*** –0.212***

(0.023) (0.022) (0.026)

Log pesticide expenditure –0.064*** –0.063*** –0.063***

(0.006) (0.005) (0.006)

Age 0.001 0.002

(0.003) (0.003)

Age squared 0.000 –0.000

(0.000) (0.000)

Years of education 0.002 0.004*
(0.002) (0.002)

Self-rated health 0.027*** 0.017**
(0.008) (0.008)

Farm labor –0.041*** –0.034***
(0.013) (0.012)

Part-time farming 0.011 0.003

(0.016) (0.017)

Log planted area 0.005

(0.012)

Number of plots –0.000

(0.000)

Land quality 0.008

(0.006)

Irrigation convenience 0.007

(0.009)

High-standard farmland = 2 –0.080***

(0.027)

High-standard farmland = 3 0.016

(0.020)

Owns agricultural machinery –0.041

(0.028)

Weather shocks –0.002
(0.011)

Constant 0.629*** 0.506*** 0.427***
(0.007) (0.124) (0.137)

Observations 174 174 174
Adjusted R-squared 0.621 0.702 0.712

Note: Asterisks denote statistical significance at the 10% level, 5% level (**), and 1% level (***).
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Several control variables also display meaningful associations
with ecological efficiency. Education and self-rated health are pos-
itively associated with the EBM score, whereas the number of
household members engaged in farming is negatively associated
with ecological efficiency. These estimates should nevertheless
be interpreted cautiously because the cross-sectional specification
cannot eliminate unobserved differences in managerial ability or
production conditions.

Table 5 examines the robustness of the main results to alter-
native measures of chemical input intensity and potential outliers.
We replace fertilizer quantity with fertilizer expenditure, replace
pesticide expenditure with pesticide application frequency, and
winsorize the chemical input variables at the 1st and 99th per-
centiles. The fertilizer and pesticide coefficients remain negative
and statistically significant at the 1% level in all specifications.
These results confirm that the negative association between chem-
ical input intensity and EBM ecological efficiency is not sensitive
to a particular input measure or a small number of extreme
observations.

5.3. Yield and profitability trade-offs

A central concern surrounding fertilizer and pesticide reduc-
tion is that lower chemical input use may compromise food
production or farm income. Table 6 therefore examines the rela-
tionships between chemical inputs, wheat yield, and net returns
per mu. Columns (1) and (2) use log wheat yield as the dependent
variable, while Columns (3) and (4) examine net returns per mu.

The specifications in Columns (2) and (4) include quadratic input
terms to allow for diminishing or negative marginal returns.

The estimates indicate a nonlinear relationship between fer-
tilizer use and agricultural performance. In the yield equation, the
squared fertilizer term is negative and statistically significant at
the 1% level. The fertilizer terms are also jointly significant. The
estimated turning point is approximately 121 jin per mu, with a
95% confidence interval of 104–138 jin per mu. Because average
fertilizer application in the sample is approximately 150 jin per
mu, this result suggests that a substantial share of farms may oper-
ate beyond the fertilizer level associated with maximum predicted
wheat yield.

A similar pattern emerges for farm profitability. The squared
fertilizer term is negative and statistically significant, and the fer-
tilizer terms are jointly significant. The estimated fertilizer level
associated with maximum predicted net returns is approximately
103 jin per mu, which is lower than the yield-maximizing level.
This difference is economically intuitive: additional fertilizer may
generate some output but cease to be profitable once its cost is
taken into account.

The evidence for pesticide use is less consistent. Pesticide
expenditure is positively associated with yield and net returns
in the linear specifications, but the coefficients become statis-
tically insignificant once nonlinear terms are introduced. The
pesticide terms are jointly significant in the yield equation but
not in the net-return equation. We therefore do not find robust
evidence that additional pesticide expenditure improves farm
profitability.

Table 5
Robustness checks for farm-level EBM ecological efficiency

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

Baseline Input expenditure Pesticide frequency Winsorized inputs

Log fertilizer quantity –0.212*** –0.230***

(0.026) (0.032)

Log fertilizer
expenditure

–0.146***

(0.015)

Winsorized log
fertilizer quantity

–0.218***

(0.025)

Log pesticide
expenditure

–0.063*** –0.073***

(0.006) (0.006)

Log pesticide
frequency

–0.121***

(0.021)

Winsorized
log pesticide
expenditure

–0.062***

(0.006)

Controls Yes Yes Yes Yes
Constant 0.427*** 0.393** 0.403*** 0.419***

(0.137) (0.153) (0.148) (0.135)

Observations 174 174 174 174
Adjusted R–squared 0.712 0.658 0.635 0.717

Note: Asterisks denote statistical significance at the 10% level, 5% level (**), and 1% level (***).
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Table 6
Chemical inputs, wheat yield, and net returns

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

Log yield Log yield Net return/mu Net return/mu

Log fertilizer
quantity

–0.074* –0.082** –196.465*** –210.179***

(0.042) (0.041) (68.208) (70.010)

Log fertilizer
quantity
squared

–0.256*** –324.857***

(0.077) (121.306)

Log pesticide
expenditure

0.035*** 0.002 47.871** 11.885

(0.012) (0.031) (21.819) (51.480)

Log pesticide
expenditure
squared

–0.009 –9.900

(0.009) (15.900)

Controls Yes Yes Yes Yes
Constant 6.305*** 6.361*** –390.350 –326.593

(0.224) (0.224) (353.078) (363.346)

Observations 176 176 176 176
Adjusted R-

squared
0.493 0.522 0.544 0.557

Note: Asterisks denote statistical significance at the 10% level, 5% level (**), and 1% level (***).

Taken together, the farm-level results are consistent with the
aggregate scenario analysis. They suggest that reducing excessive
fertilizer use may improve ecological efficiency without necessarily
compromising wheat production or farm returns. However, the
estimated turning points should be interpreted as sample-based
statistical thresholds rather than agronomic recommendations or
causal policy targets.

The micro-level evidence thus provides a behavioral and
production-level foundation for the fertilizer-reduction pathways
considered in the provincial carbon-emission scenarios.

6. Conclusion and Policy Implications

This study combines province- and city-level evidence with
farm-level survey data to examine the evolution of agricultural
carbon emissions, green productivity, and chemical input use
in Shandong Province. Agricultural carbon emissions followed
an inverted V-shaped trajectory between 2000 and 2021, increas-
ing from 30.52 million tons in 2000 to a peak of 33.18 million
tons in 2007 before declining to 25.41 million tons in 2021.
Agricultural GTFP increased over the study period, although
its growth was driven primarily by green technological progress,
while improvements in green technical efficiency remained com-
paratively limited. The scenario simulations further project that,
relative to 2020, fertilizer and pesticide use will decline by
0.85–1.13 million tons and 0.04–0.05 million tons, respectively, by
2035. The corresponding reduction in agricultural carbon emis-
sions is projected to range from 14.09 to 20.18 million tons. These
projections indicate the potential contribution of sustained chem-
ical input reduction and improvements in production technology
to Shandong’s low-carbon agricultural transition.

The farm-level analysis provides complementary evidence on
whether chemical input reduction is compatible with agricultural
performance. Based on survey data from 174 wheat-producing
households, the EBM regressions show that fertilizer quantity
and pesticide expenditure are negatively associated with farm eco-
logical efficiency after household and farm characteristics are
controlled for. These relationships remain stable when fertil-
izer expenditure and pesticide application frequency are used as
alternative input measures and when extreme observations are
winsorized. The nonlinear estimates further suggest that wheat
yield and net returns reach their predicted maxima at fertil-
izer application levels of approximately 121 jin per mu and 103
jin per mu, respectively. Beyond these levels, additional fertil-
izer application is associated with diminishing and eventually
negative marginal performance. The micro-level evidence is there-
fore consistent with the aggregate results: reducing excessive
chemical input use need not necessarily compromise agricultural
productivity or farm profitability.

These findings should nevertheless be interpreted with appro-
priate caution. The emission projections depend on assumed
future trajectories of agricultural inputs and should be regarded
as scenario-based simulations rather than unconditional forecasts.
In addition, the farm-level analysis is based on cross-sectional sur-
vey data, and the EBM indicator is constructed from observed
production inputs and outputs. The estimated relationships there-
fore represent conditional associations rather than causal effects.
Future research could use longitudinal farm data and stronger
identification strategies to assess the longer-term effects of input
reduction on emissions, productivity, and household income.

Several policy implications follow. First, fertilizer and pes-
ticide policies should focus on improving input-use efficiency
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rather than imposing uniform reductions across farms. Soil test-
ing, formula fertilization, precision application, and integrated
pest management can help identify and reduce excessive input use
while protecting yields and farm returns. The farm-level results
also suggest that input recommendations should account for crop
type, soil conditions, and existing application intensity.

Second, greater emphasis should be placed on convert-
ing green technological progress into farm-level efficiency gains.
Investment in water-saving irrigation, energy-efficient machinery,
low-carbon agricultural inputs, and agricultural plastic-film recy-
cling should be accompanied by practical technical guidance and
farmer training. This combination can reduce the gap between
the availability of green technologies and their effective adoption
in agricultural production.

Third, emission-reduction strategies should reflect the sub-
stantial differences in resource endowments, production struc-
tures, and green productivity across Shandong’s prefecture-level
cities. Regions with relatively low green technical efficiency should
prioritize technology diffusion and improvements in farm man-
agement, whereas regions with higher efficiency but greater
emission intensity should focus more directly on input substitution
and emission control.

Finally, policy implementation should incorporate reg-
ular monitoring of chemical input use, crop yields, farm
income, and carbon emissions. Scenario assumptions and input-
reduction targets should be periodically updated in response to
observed production outcomes. Such an adaptive approach would
help Shandong pursue agricultural emission reduction without
undermining food security or farmers’ economic incentives.
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Appendix

Table A1
List of Abbreviations

Abbreviation Full Term

IPCC Intergovernmental Panel on Climate Change

GTFP Green Total Factor Productivity

EBM Epsilon-Based Measure

GML Global Malmquist–Luenberger Index

GEC Green Technical Efficiency Change

GTC Green Technical Progress

STIRPAT Stochastic Impacts by Regression on Population, Affluence, and Technology

IPAT Impact = Population × Affluence × Technology

CO2 Carbon Dioxide

LCA Life Cycle Assessment

Table A2
Descriptive statistics for the farm-level sample

Observations Mean Std. Dev.

Ecological efficiency 174 0.626 0.151

Fertilizer quantity (jin/mu) 176 150.124 50.192

Pesticide expenditure (yuan/mu) 176 45.261 25.209

Pesticide applications 176 2.568 1.245

Wheat yield (jin/mu) 176 1066.477 199.356

Net return (yuan/mu) 176 779.571 357.150

Age 176 51.881 13.162

Years of education 176 9.290 3.389
Self-rated health 176 4.568 0.714
Farm labor 176 2.159 0.867
Part-time farming 176 0.483 0.501

Planted area (mu) 176 42.839 121.929

Number of plots 176 4.551 9.403

Land quality 176 3.580 1.202

Irrigation convenience 176 4.301 1.119

High-standard farmland 176 2.068 0.995

Owns agricultural machinery 176 0.159 0.367

Weather shocks 176 0.403 0.669
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