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A B S T R A C T   

Sustainable intensification (SI) of agriculture is widely regarded as an important way to alleviate the contra
diction between the food gap and ecosystem health. Correlate input intensity and output intensity have been 
regarded as an important dimension in most estimation frameworks of SI. But in practice, this correlation is 
generally expressed in terms of efficiency metrics and calculated as the ratio of output intensity to input intensity, 
which cannot quantitatively explain the impact of input intensity on output intensity and provide a threshold 
value for estimating the suitability of SI. This study’s goals are to propose an input—output coupled method to 
explain the impact of input intensity on output intensity and thereby estimate the suitability of provincial SI. 
Provincial annual input intensity and output intensity were estimated from an emergy-based perspective by 
taking China as a case study. The K-means algorithm was used to identify the structural pattern of arable land 
input intensity. A sliding window-based partial correlation index method was proposed and applied to reveal the 
interaction process between input intensity and output intensity. The results show that there are two main 
change paths in the pattern of input intensity: one path in the western irrigation regions and the other path in the 
eastern northeast China Plain and middle-lower Yangtze Plain. The former path can be expressed as a small 
increase in fertilizer and agro-machinery input intensity with a decrease in labour force input intensity. The latter 
path shows a larger increase in fertilizer and pesticide input intensity. For each type of input intensity except 
mulching film, its correlation to output intensity has experienced a similar coupling—decoupling—recoupling 
process in both plain provinces and mountainous or plateau provinces. According to Landau’s theory of phase 
transition, the complex coupling of input and output undergoes a phase transition process from order to disorder 
and then to order, depicted by the sliding window-based partial correlation coefficient as the order parameter 
from a holistic perspective. The inflection points of coupling relation changes show that the phenomenon of 
fertilizer and pesticide overuse has steadily occupied most provinces in eastern China and is spreading west
wards. Although the “zero growth action for fertilizers and pesticides” has made considerable achievements in 
reducing the input intensity of fertilizer and pesticides since 2015, the situation of superfluous fertilizer and 
pesticide input has not changed substantially. The input intensity of fertilizer and pesticides still needs to be 
further reduced. This study can contribute to the estimation method system of SI. The input—output coupled 
method is applicable for other spatial scales and regions (or countries) to estimate the suitability of SI.   

1. Introduction 

Currently, food security is confronted with great challenges (Rose
grant and Cline, 2003). Studies show that nearly 700 million people in 
the world still lack basic food supplies. Food production needs to be 
increased by 100 %–110 % to meet the expected demand due to popu
lation growth, changes in dietary structure and increased use of 

bioenergy (Tilman et al., 2011). This challenge is compounded by the 
fact that efforts to develop agriculture to meet food demand also need to 
balance ecosystem health and stability (Foley et al., 2011; Liu et al., 
2023; Ye et al., 2023, 2024). For instance, excessive expansion of arable 
land has enormous impacts on habitats, biodiversity, carbon storage and 
soil conditions (Huang et al., 2021; Ren et al., 2022, 2023; Yin et al., 
2022). Excessive fertilizer and pesticide inputs, irrigation water mining 
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and the promotion of heavy agricultural machinery have exacerbated 
climate change, biodiversity loss and degradation of land and freshwater 
(Zingg et al., 2018; Du et al., 2024; Ye et al., 2020a,b). Exploring sus
tainable agricultural development paths that reduce the harm of agri
culture to the environment on the premise of meeting the growing food 
demand is related to the fate of all mankind. 

Agricultural intensification is widely regarded as an important way 
to alleviate the contradiction between the food gap and ecosystem 
health, and its contribution to limiting arable land expansion and pro
tecting biodiversity has been confirmed by multiple studies (Ewers et al., 
2009; Hertel et al., 2014). The concept of “agricultural intensification” 
originated in the mid-19th century when Malthus (1798) explicitly 
addressed agricultural intensification in the context of population 
growth. In early studies, land-use intensity was rooted in land-rent 
theory (Von Thuenen, 1826) and the law of diminishing returns 
(Ricardo, 1815) and focused on enhancing crop yields through increased 
farming inputs (pesticides, fertilizers, seed, fuel or labour), tillage 
techniques and multicropping index. For instance, Brookfield (1993) 
defined agricultural intensification as “the substitution of inputs of 
capital, labour and skills for land, to gain more production from a given 
area, use it more frequently, and hence make possible a greater con
centration of production”. Subsequently, the impact of agricultural 
intensification on the environment has gradually received much atten
tion, which reflects the transformation from intensification to sustain
able intensification of agriculture. 

The study of sustainable intensification (SI) can be traced back to the 
Agroecosystems Research Group’s work report on sustainable intensi
fication of tidal marshlands in Indonesia in 1983 (Wezel et al., 2015). 
Another early representative study is a collaborative project between 
researchers and farmers in sub-Saharan Africa in the 1990s (Pretty et al., 
1996, 1997). The aim of the project is to build resilient agricultural 
systems that promote the synergistic development of crop output, live
lihoods of the rural poor and environmental protection. Garnett et al. 
(2013) defined SI as “a process or production system that increases crop 
yield without additional land use and adverse environmental impacts”. 
Lal (2019) consider SI an emerging agricultural model that maintains or 
improves environmental quality and increases agricultural production. 
Compared to agricultural intensification, SI focuses on the need to 
reduce the dependence of crop production on external inputs (e.g., fer
tilizer; pesticide), towards more ‘restorative’ production systems that 
stimulate nature-based solutions to supply nutrients and control pests 
(Pretty, 1997; Cassman and Grassini, 2020). Pretty and Bharucha (2014) 
summarized the transformation from intensification to SI from five as
pects: a) breeding crops with high yield and insect resistance; b) making 
full use of agroecological processes such as nutrient cycling, biological 
control and biological nitrogen fixation; c) reducing toxic substance 
inputs; d) effectively using innovative farming techniques; and e) 
reducing negative externalities, such as limiting greenhouse gas emis
sions and preventing the spread of pests. 

The estimation framework of SI has also gone beyond the original 
four dimensions of agricultural intensification (i.e., input intensity; 
output intensity; combined inputs and outputs; altered ecosystem ser
vices) (Erb, 2012; 2013; Kuemmerle et al., 2013; Ye et al., 2020a) to
wards a broader level by considering “productivity, economic 
sustainability, human wellbeing, environmental sustainability and so
cial sustainability” (Petersen and Snapp, 2015; Smith et al., 2017; Reich 
et al., 2021). For instance, Smith et al. (2017) proposed a typical 
framework to track the development of SI for African smallholder 
farming systems, in which metrics from 6 dimensions, namely, pro
ductivity, economic sustainability, human well-being, environmental 
sustainability, social sustainability and gender equity, have been inte
grated. Mahon et al. (2018) collected 110 metrics of SI through semi
structured interviews with 32 stakeholders from the agri-food system in 
the UK. Based on the socioecosystem system (SES) framework, these 
metrics were classified into resource systems, resource units, manage
ment, resource users, interactions, outputs and the environment, but 

social and cultural factors were not considered (Mahon et al., 2018). 
Mouratiadou et al. (2021) presented a newly developed SI metrics 
framework (SIMeF) by integrating academic and policy indicator 
frameworks, expert opinions, and the Sustainable Development Goals to 
offer a holistic, generic, and policy-relevant dashboard for selecting SI 
metrics. The SIMeF consists of operating conditions, inputs, outputs, 
input‒output relationships, environmental sustainability, economic 
sustainability and social sustainability. Other themes involve the impact 
of SI development on arable land productive capacity, soil health and 
ecological health (Li et al., 2019; Wang et al., 2022a; Ye et al., 2022a, 
2022b); specific SI practices to increase crop yield at low environmental 
cost (Gregory et al., 2002; Chen et al., 2011; Zhang et al., 2017; Mckay 
et al., 2019); the “land sparing” vs. “land sharing” debate (Green et al., 
2005; Phalan et al., 2016; Desquilbet et al., 2017); and simulation 
studies of optimizing crop structure and spatial distribution to feed the 
earth with small negative externalities (Foley et al., 2005; Mehrabi et al., 
2018; Folberth et al., 2020). 

The above studies make an important contribution to developing the 
theory and implementation plan of sustainable intensification. Esti
mating the regional suitability of SI at national and global scales pro
vides guidance for adjusting land use intensity and structure to better 
cope with the conflict between food demand, economic development 
and ecological protection. Correlate input intensity and output intensity 
have been regarded as important dimensions in most SI estimation 
frameworks (Herzog et al., 2006; Pretty et al., 2018; Cassman and 
Grassini, 2020). However, in practice, this correlation is expressed in 
terms of efficiency metrics, which are generally calculated as the ratio of 
output intensity to input intensity (e.g., yield per unit input of energy, 
water and nutrients; nitrogen utilization rate). With this approach, the 
complex nonlinear relationship between input and output has been 
ignored (Zhang et al., 2015; Smith et al., 2017; Mouratiadou et al., 
2021). For instance, arable land under extensive management may 
achieve high “efficiency” because of its extremely low input. Vanlauwe 
et al. (2010, 2014) try to solve this issue by controlled trials and 
calculate the difference (abbr. D) between maize yield in the treatment 
with fertilizer application and that in no-input control inputs; then, the 
SI of each trial point i is estimated as the ratio of Di to Dmax. Another 
computational idea of efficiency is the ratio between actual yield 
(observed yields) and a maximum yield that is attained under similar 
climate and soil conditions and optimal management measures (Neu
mann et al., 2010; Dietrich et al., 2012; Yin et al., 2020). Whereas, it still 
confuses us how to quantitatively describe the impact of input intensity 
on output intensity and thereby estimate the suitability of SI. By 
combining sliding window and partial correlation coefficient, calcu
lating the coupling relationship between input intensity and output in
tensity in different numerical ranges, the influence process of input 
intensity on output intensity can be expressed. 

The estimation of agricultural SI involves many dimensions 
including operating conditions, inputs, outputs, input‒output relation
ships, environmental sustainability, economic sustainability and social 
sustainability (Mouratiadou et al., 2021). The theme of this study fo
cuses on one dimension: input‒output relationships. The authors esti
mate provincial annual input intensity and output intensity from an 
emergy-based perspective by taking China as a study case. The 
K-means algorithm was used to identify the structural pattern of the 
provincial annual arable land input intensity. Then, a sliding 
window-based partial correlation index method (also called the 
“input—output coupled method”) was proposed and applied to reveal 
the coupling—decoupling—recoupling process between input intensity 
and output intensity. According to this process, the early warning 
threshold and critical warning threshold of fertilizer (or pesticide) input 
intensity have been designed to estimate the suitability of provincial SI. 
Furthermore, the impact degree of input factors on output intensity was 
estimated by a random forest model, and the SI status of China was 
discussed from a global perspective. This study can contribute to the 
estimation method system of SI. In particular, the input—output coupled 
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method is applicable to other spatial scales and regions for under
standing the relationship between input and output. 

2. Material and methods 

2.1. Data 

In this study, 3 kinds of datasets are used to estimate arable land use 
intensity based on emergy synthesis. First, the annual provincial crop 
production dataset, farming input dataset and crop sown area dataset of 
China during 1998–2019 were used to estimate output intensity and 
input intensity. These datasets are extracted from the China rural sta
tistical yearbook (1999–2020). The crop production dataset and crop 
sown area dataset cover annual provincial production (unit: metric ton) 
and sown area (unit: ha.) of all main crop types in mainland China, 
including rice and paddy, wheat, maize, pulses, roots and tubers, oil of 
vegetal origin, sugar crops, and vegetables. The farming input dataset 
contains annual provincial input quantity of yield-enhancing substances 
(i.e., pesticide; chemical fertilizer; mulching film), labour force (i.e., 
agricultural registered population) and agro-machinery input (e.g., total 
power of agricultural machinery). Second, global national agricultural 
output and input datasets are extracted from FAOSTAT between 1995, 
2000, 2005, 2010, 2015 and 2019 to estimate the global national arable 
land output and input intensity. The global national agricultural output 
dataset covers production quantity (unit: metric ton) and sown area 
(unit: ha.) of all main crop types in the world. The Global national 
agricultural input dataset contains annual national input quantities of 
pesticides and chemical fertilizers. Third, the nutritive conversion co
efficient dataset indicates Calorie absorbed by the human body per ton 
of multiple crop types (unit: kilojoules per metric ton) (see Appendix A.1 
for detailed coefficient data). The nutritive conversion coefficient dataset 
has been used to convert the production quantity of different types of 
crops to unified and comparable energy units. The solar emergy con
version coefficient is quoted from Lu et al. (2005) and Yao et al. (2014b). 
It is used to unify the dimension of different farming input factors (see 
Appendix A.2 for detailed coefficient data). Table 1 shows detailed dataset 
information. 

2.2. Calculation of the provincial annual arable land input intensity 

Provincial annual arable land total input intensity (ALUIin total, unit: 
sej/ha.) is calculated as the summation of fertilizer input intensity 
(ALUIin fer), pesticide input intensity (ALUIin pes), mulching film input 
intensity (ALUIin mf ), agro-machinery input intensity (ALUIin am) and 
labour force input intensity (ALUIin lab), as shown in Eq. (1) shows. SET 
is solar emergy conversion coefficient of specific element (see Appendix 
A.2 for detailed information): SETFN is solar emergy conversion coeffi
cient of nitrogen fertilizer (unit: sej/ton); SETFP is solar emergy con
version coefficient of phosphate fertilizer (unit: sej/ton); SETFK is solar 
emergy conversion coefficient of potassic fertilizer (unit: sej/ton); 
SETFC is solar emergy conversion coefficient of compound fertilizer 
(unit: sej/ton); SETlab is solar emergy conversion coefficient of labour 
force (unit: sej/per capita); SETpes is solar emergy conversion coefficient 
of pesticide (unit: sej/ton); SETmf is solar emergy conversion coefficient 
of mulching film (unit: sej/ton); SETam is solar emergy conversion co
efficient of agricultural machinery (unit: sej/kwh). Q is the provincial 
annual input quantity of a specific element: QFN is the quantity of ni
trogen chemical fertilizer input (unit: metric ton); QFP is the quantity of 
phosphate chemical fertilizer input (unit: metric ton); QFK is the quan
tity of potassic chemical fertilizer input (unit: metric ton); QFC is the 
quantity of compound chemical fertilizer input (unit: metric ton); Qpes is 
the quantity of pesticide input (unit: metric ton); Qmf is the quantity of 
mulching film input (unit: metric ton); and Qam is the total power of 
agricultural machinery (unit: kwh). Qlab is the quantity of labour force 
input (unit: capita). Si indicates the provincial annual sown area of crop 
i. n is the number of crop types. 

ALUIin total =ALUIin fer + ALUIin pes + ALUIin mf + ALUIin am

+ ALUIin lab Eq. (1)  

ALUIin fer=
(QFN∗SETFN)+(QFP∗SETFP)+(QFK ∗SETFK)+(QFC∗SETFC)

∑n

i=1
Si

Eq.(2)  

Table 1 
Detailed dataset information related to the estimation of arable land use intensity.  

Dataset Definition Data source Applications 

Annual provincial 
crop production of 
China 

Annual production of multiple types of crop i (unit: metric ton), 
including rice & paddy; wheat; maize; pulses; roots and tubers; oil of 
vegetal origin; sugar crops; vegetables. 

China rural statistical yearbook (1999–2020) (Li et al., 2001; Yao et al., 
2014a, 2014b) 

Annual provincial 
farming inputs of 
China 

Annual farming input quantity of pesticides (unit: metric ton); 
chemical fertilizer (unit: metric ton); mulching film (unit: metric 
ton); agricultural diesel (unit: metric ton); labour force (unit: metric 
capita). 

China rural statistical yearbook (1999–2020) (Yao et al., 2014a; Yin et al., 
2018, 2020; Xie et al., 2020) 

Annual provincial 
crop sown area of 
China 

Annual sown area of crop i (unit: ha.), including rice & paddy; 
wheat; maize; pulses; roots and tubers; oil of vegetal origin; sugar 
crops; vegetables. 

China rural statistical yearbook (1999–2020) (Ye et al., 2019, 2020a, 

2022b) 

Global national 
agricultural output 

Annual production quantity (unit: metric ton) and area harvested 
(unit: ha.) of multiple types of crop i, including rice & paddy; wheat; 
maize; beans dry; potatoes; sweet potatoes; Cassava. 

FAOSTAT. (https://www.fao.org 
/faostat/en/#data/QCL) (1995, 2000, 2005, 
2010, 2015, 2019) 

(Shriar, 2000; Smith, 2013) 

Global national 
agricultural input 

Annual agricultural use quantity of pesticides (unit: metric ton); 
chemical fertilizer (unit: metric ton). 

FAOSTAT. (https://www.fao.org 
/faostat/en/#data/RP) & 
(https://www.fao.org 
/faostat/en/#data/RFN) (1995, 2000, 2005, 
2010, 2015, 2019) 

(Smith, 2013) 

Nutritive conversion 
coefficient 

Calories absorbed by human body for per ton of crop i (unit: 
kilojoules per metric ton), including rice & paddy; wheat; maize; 
pulses; roots and tubers; oil of vegetal origin; sugar crops; 
vegetables. 

FAOSTAT. (http://www.fao.org/food-agricultur 
e-statistics/statistical-domains/crop-livestock-a 
nd-food/methodology/en/) 

Tilman et al. (2011) 

Solar Emergy 
conversion 
coefficient 

Coefficient for converting pesticide input; chemical fertilizer input; 
mulching film input; labour force input and agricultural diesel input 
to solar emergy equivalents (unit: sej/t). 

(Lu et al., 2005; Yao et al., 2014b) (Lu et al., 2005; Xie et al., 
2012; Yao et al., 2014b; Yin 
et al., 2020)  
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ALUIin pes =
Qpes × SETpes

∑n

i=1
Si

Eq. (3)  

ALUIin mf =
Qmf × SETmf

∑n

i=1
Si

Eq. (4)  

ALUIin am =
Qad × SETad

∑n

i=1
Si

Eq. (5)  

ALUIin lab =
Qlab × SETlab

∑n

i=1
Si

Eq. (6) 

The global national annual fertilizer input intensity and pesticide 
input intensity are also calculated by Eq. (2) and Eq. (3), respectively. 
The difference is that QFN, QFP, QFK , QFC, and Qpes should be replaced 
with the national input quantity of the corresponding elements; Si 

should be replaced with the national annual total area of crop i. For each 
type of input intensity in a specific province (or country), the change 
rates between adjacent years were calculated, and three standard de
viation methods were used to identify outliers with abnormal changes. 
These outliers are mainly due to statistical error and have been replaced 
by the average value of samples from their surrounding years. This 
method has also been used to identify and modify outliers in arable land 
output intensity in Section 2.3. 

2.3. Calculating the provincial annual arable land output intensity 

The provincial annual arable land output intensity ALUIout is 
calculated by Eq. (7). For a specific year and province, Yi is the total 
production of crop i (unit: metric ton). NCCi is the nutritive conversion 
coefficient of crop i (unit: kJ/ha) (see Appendix A.1 for detailed infor
mation). Si presents the provincial annual sown area of crop i (unit: ha.). 
n is the number of crop types. The global national annual output in
tensity is also calculated by Eq. (7). The difference is that Yi, NCCi , Si 
should be replaced with the national quantity of corresponding 
elements. 

ALUIout =

∑n

i=1
( Yi × NCCi )

∑n

i=1
Si

Eq. (7)  

2.4. Calculation of the partial correlation index based on the sliding 
window 

Multiple types of input intensity comprehensively influence output 
intensity. For each type of input intensity, its correlation with output 
intensity has been presented by the partial correlation coefficient to 
reduce the influence of other types. The partial correlation coefficient 
can be calculated by Eq. (8). ρXY|Z is the partial correlation coefficient of 

the control variables Z for variables X and Y, and ̂ϵ, δ̂ are the residuals of 
the multiple linear regression established between X, Y and Z, respec
tively. cov(ϵ̂, δ̂) is the correlation coefficient of ϵ̂, δ̂; cov(ϵ̂, δ̂) is the 
covariance of ϵ̂, δ̂; and var(ϵ̂) and var(δ̂) are the variances of ϵ̂, δ̂. The 
residuals ϵ̂, δ̂ eliminate the linear correlation between X, Y and Z. Thus, 
calculating the correlation coefficient between ϵ̂, δ̂ gives its partial 
correlation coefficient. 

ρXY|Z = cor(ϵ̂, δ̂)=
cov(ϵ̂, δ̂)

̅̅̅̅̅̅̅̅̅̅̅̅̅
var(ϵ̂)

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅

var(δ̂)
√ Eq. (8) 

According to land rent theory, input intensity may have different 

effects on output intensity in its different value ranges. A sliding window 
was used to calculate the partial correlation coefficient in multiple value 
ranges. Taking fertilizer input intensity as an example, the detailed 
implementation process is as follows (Fig. 1).  

⟡ Step 1, normalize the fertilizer input intensity value of all samples to 
the range of 0–100 and arrange them in ascending order. 
⟡Step 2, set the size and step width of the initial sliding window as ws 
and l. The corresponding initial value range is [0, ws]. 
⟡Step 3, extract samples whose normalized fertilizer input intensity 
values belong to the initial value range (i.e., [0, ws]). The partial 
correlation coefficient between the normalized fertilizer input in
tensity and output intensity was calculated. The result is expressed as 
a point in the Cartesian coordinate system, with the partial correla
tion coefficient set as the y-coordinate and the average value of the 
extracted samples’ normalized fertilizer input intensity as the x- 
coordinate. 
⟡Step 4, slide the window by a step width of l, and then the value 
range turns to [l, ws+ l]. Extract samples and calculate the partial 
correlation coefficient by following the calculation process in step 3. 
⟡Step 5, repeat the calculation process in Step 4 until the upper 
bound of the value range is greater than or equal to 100. Fig. 1 shows 
the difference in the partial correlation coefficient and its signifi
cance in sliding windows with different value ranges. 

3. Result 

3.1. National arable land use intensity in China 

As shown in Fig. 2(a), the output intensity of staple food grains 
(including rice; wheat; corn; beans; potato) and oil crops (oilseed and 
hemp) both show steady increases from 1998 to 2019. The former in
creases from 5.81e+07 to 7.64e+07, and the latter increases from 
6.63e+07 to 10.00e+07 (unit: kJ/ha.). Before 2015, the total input in
tensity increases synergistically with output intensity, increasing from 
112.87e+13 to 147.81e+13 (unit: sej/ha.). Then, the total input in
tensity decouples from the output intensity and decreases to 
128.73e+13 in the subsequent five years. The decline in fertilizer input 
intensity after 2015 is the primary reason for the decline in total input 
intensity because it accounts for a large proportion (88.28 %–90.75 %) 
of total input intensity (Fig. 2(b)). The pesticide input intensity showed a 
similar changing pattern of increasing and then declining and dropped 
to nearly the initial degree in 1998 from 2015 to 2019 (Fig. 2(c)). This 
demonstrates that “zero growth action for fertilizers and pesticides” by 
the Ministry of Agriculture and Rural Affairs of PRC since 2015 has made 
considerable achievements. The proportion of fertilizer input intensity is 
in continuous decline with fluctuations, although its value obviously 
increases before 2015. This is because the Agro-Machinery has experi
enced dramatic growth from 5.52e+13 to 11.43e+13 (Fig. 2(d)). As 
shown in Fig. 2(e), there has been a continuous reduction in labour force 
input intensity since 2003. The white pollution caused by nondegrad
able mulching film is becoming more serious as the input intensity of 
mulching film increased sharply from 1998 to 2014 and then remained 
stable in subsequent years (Fig. 2(f)). 

3.2. Provincial arable land input and output intensity 

Wald’s method has been used to divide the annual total arable land 
input intensity of multiple provinces into three stages, namely, 
1998–2003 (stage 1); 2004–2011 (stage 2); and 2012–2019 (stage 3) 
(see Appendix B.1 for the details of the stage division). On that basis, 
spatial and temporal differences in provincial total arable land input 
intensity are listed in Fig. 3(a). Fig. 3(b) shows the spatial and temporal 
differences in three types of input intensity (i.e., yield-enhancing phys
ical inputs; labour inputs and agricultural machinery inputs) at the 
provincial level (see Appendix B.2 for supplementary maps). Provinces in 
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the Huang-Huai-Hai Plain and Southern China show the highest input 
intensity with obvious clustering features. The former shows a combi
nation of high physical inputs and high agro-machinery inputs with low 
dependency on labour inputs, while the latter is highly dependent on 
physical and labour inputs with moderate level agro-machinery inputs. 
The physical inputs of provinces with large plain areas are obviously 
higher than those of mountainous provinces, except for Heilongjiang 
Province (see Appendix C.1 for supplementary classification of plains 
provinces and mountainous provinces). For nearly all provinces, the 
labour input intensity decreases, and the agro-machinery input intensity 
increases. This demonstrates that the spread of agricultural machinery 
reduced the dependence of farming on labour inputs. Major grain- 
producing provinces generally present higher input intensity than 
other provinces. Heilongjiang, Inner Mongolia, Anhui, Jiangxi, Hunan 
and Sichuan have high potential to enhance input intensity. Hei
longjiang, Qinghai and Guizhou show the lowest input intensity. The 
annual input intensity of Xinjiang, Shaanxi, Zhejiang and Guangxi has 
experienced a substantial increase. The high total input intensity in 
Beijing and Tibet is because of the dramatic reduction in harvested area. 
This leads to an extremely low physical input intensity and excessive 
agricultural machinery power in Tibet. 

Fig. 4(a) and (b) show the provincial annual output intensity of 
staple food grains and oil crops, respectively. The high output intensity 
of staple food grains shows the characteristics of aggregation in the great 
plains of China, namely, the Northeast China Plain, Huang-Huai-Hai 
Plain and Middle-lower Yangtze Plain. Inner Mongolia, Ningxia, 
Hebei, Henan, Anhui, Jiangxi, and Hubei experienced a substantial in
crease in the output intensity of staple food grains in stage 1 and stage 2. 
In stage 3, the output intensity of staple food grains tends to be stable for 
most provinces. Provinces in the Sichuan Basin and surrounding areas, 
the Yunan-Guizhou Plateau and southern China show continuous low 
output intensity of staple food grains. In Tibet, large amounts of low- 
quality arable land have been transformed for ecological conservation 
since the 1990s, which has led to a high-level output intensity of staple 
food grains. The increase in the provincial annual output intensity of oil 
crops indicates a gradually generalized phenomenon of “nonfood”. The 
development of oil crop output intensity in plain regions tends to occur 
earlier than that in mountainous areas. Southern China shows a high- 
level output intensity of oil crops. This indicates an SI level of agricul
ture inconsistent with that indicated by the output intensity of staple 
food grains. 

Combining input intensity (Fig. 3) and output intensity (Fig. 4) 
shows that there are disadvantages to indicating arable land use in
tensity from a single-dimensional perspective. First, improving the input 
intensity level or structure is not always applicable to indicate the 
agricultural development level and benefits. For instance, Heilongjiang 
Province achieves high output intensity of staple food grains, although 
its intensity of physical inputs, labour inputs and agricultural machinery 
inputs is low. It also demonstrates that arable land quality has an 
important influence on the relationship between input and output in
tensity. Second, the efficiency of output intensity is constrained by input 
intensity. For instance, the high input intensity in Southern China does 
not lead to high output intensity of staple food grains. From the overall 
point of view, the high output intensity of staple food grains shows high 
dependence on input intensity. 

3.3. Identify the pattern of provincial arable land input intensity 

The K-means algorithm was used to identify the pattern of provincial 
annual arable land input intensity. Each input sample consists of the 
provincial annual normalized input intensity of fertilizer, pesticides, 
agro-machinery, labour force and mulching film for one specific year. 
The triple standard deviation method was used to filter out the outlier 
value of each input intensity element. During the process of applying the 
K-means algorithm, the number of categories needs to be manually set in 
advance. To explore the appropriate number of categories, we have 
designed 7 classification schemes, corresponding to 2 categories, 3 
categories, 4 categories, 5 categories, 6 categories, 7 categories and 8 
categories respectively. The sum of squares due to error (abbr. SSE) 
index, silhouette score (abbr. SC) index and Calinski-Harabaz (abbr. CH) 
index have been used to determine the appropriate number of categories 
(Fig. 5) (see detailed computing method in Appendix B.3, B.4). The results 
show that the pattern of provincial annual arable land input intensity fits 
best into five categories. This is because the scheme of “5 categories” 
shows the maximum descent gradient of the SSE index, a better SC index 
than the scheme of “4/6/7 categories” and a better CH than the scheme 
of “6/7/8 categories”. 

The structural pattern of the provincial annual arable land input 
intensity was divided into 5 classes. The characteristics of each class are 
portrayed in Fig. 6(a). Class A presents an input structure with relatively 
high mulching film, middle level fertilizer and agro-machinery, low 
level pesticides and labour force. Class B indicates an input structure 

Fig. 1. Implementation process of calculating the partial correlation index based on a sliding window. The x-coordinate is the normalized value of a specific type of 
input intensity (e.g., fertilizer input intensity). The y-coordinate is the normalized value of the crop output intensity. (a)–(c) show calculation of the partial cor
relation coefficient in sliding windows with different value ranges. 
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that relies heavily on the labour force with low-level yield-enhancing 
physical inputs and agricultural machinery inputs. Class C presents input 
structures that seem appropriate for large-scale agricultural operations: 
high fertilizer inputs with high agricultural mechanization conditions. 
Class D and E show similar high fertilizer input intensity to Class C. The 
difference is that Class D highly depends on the labour force and pesti
cides with middle-level agricultural machinery inputs; Class E 

corresponds to middle-level pesticide and agricultural machinery 
inputs. 

Fig. 6(b) shows the spatial-temporal variation in the structure 
pattern of arable land input intensity. In stage 1 (1998–2003), many 
provinces had low input intensity and were highly dependent on the 
labour force. Then, in the later stages, these provinces experienced two 
change paths in the pattern of arable land input intensity. Provinces in 

Fig. 2. Overall arable land use intensity in China from 1998 to 2019. (a) Annual total input intensity (unit: sej/ha.), output intensity (unit: kJ/ha.) of staple food 
grains (including rice; wheat; corn; beans; potato) and oil crops (oilseed; hemp). (b)–(f) show multiple components (i.e., (b) fertilizer; (c) pesticides; (d) agro- 
machinery; (e) labour force; (f) mulching film) of input intensity and their proportion ( %) to total input intensity from the perspective of emergy. Hong Kong, 
Macau and Taiwan are not participating in the calculation due to lack of data. 
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the western regions where irrigated agriculture dominates mainly show 
the development from Class B to Class A. In this process, the input in
tensity of fertilizer and agro-machinery experienced a small increase; 
the labour force input intensity decreased. Furthermore, this process is 
also the main reason for the increase in mulching film input intensity. 
White pollution needs to be controlled in these provinces. For provinces 
involving the Northeast China Plain, Middle-lower Yangtze Plain and 
Central Shaanxi Plain, the main form of change is from Class B to Class E. 
In this process, the input intensity of fertilizer and pesticides experi
enced a larger increase than the previous change path (i.e., Class B to 
Class A); the input intensity of mulching film is stable at a low level. The 
pattern of arable land input intensity is relatively stable in the Huang- 

Huai-Hai Plain and Southern China. The former is stable at Class C, 
and the latter is stable at Class D. Reducing the pesticide input intensity 
and promoting agricultural machinery are key challenges for provinces 
belonging to Class D to achieve sustainable intensification. 

3.4. Coupled relation analysis between input intensity and output intensity 

Sliding window-based partial correlation analysis was used to pre
sent the local influence of element input intensity change on the output 
intensity of staple food grains (Fig. 7(a/b/c/d/e− 1)) and oil crops (Fig. 7 
(a/b/c/d/e− 2)). Three groups of samples were tested for each experi
ment. Group A is the set of all samples. Group B consists of provinces 

Fig. 3. (a) Provincial total arable land input intensity during 1998–2003. (b) Average value of three types of input intensity (i.e., yield-enhancing physical inputs; 
labour inputs and agricultural machinery inputs) at the provincial level in stages 1–3. The provinces marked with the green background are the major grain- 
producing provinces. Yield-enhancing physical input intensity is the summation of fertilizer, pesticide and mulching film input intensity. Hong Kong, Macau and 
Taiwan are not listed due to lack of data. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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with high levels of crop output. Group C involves mountainous or 
plateau provinces. 

As Fig. 7(a-1) shows, fertilizer input intensity shows a significant (p 
< 0.001) positive correlation with the output intensity of staple food 
grains at a low input level, especially for Group C. This correlation is 
gradually decoupled (i.e., becomes nonsignificant (p > 0.05)) as the 
fertilizer input intensity increases. The inflection point first occurs in the 
normalized value segment of [32.592, 71.743] and last four sliding 
windows to [42.657, 80.969] (note: [35.596, 73.332] presents the 
minimum and maximum values of samples in a specific sliding window, 
corresponding to a specific point in Fig. 7(a-1), whose x-coordinate is 
equal to the average value of these samples). Then, the input intensity of 
fertilizer was recoupled with the output intensity with a significant (p <
0.001) negative correlation. This demonstrates that superfluous fertil
izer inputs have hampered agricultural output in some provinces of 
China. The appropriate fertilizer input intensity is below the normalized 
value of 32.592 (the corresponding input intensity of fertilizer is 9.27 

E+14 sej/ha.). The non-significant (p > 0.05) results of Group C in the 
high input intensity range are mainly due to insufficient sample quan
tity. According to Fig. 7(a-2), the increase in fertilizer input intensity 
promotes the synergetic increase in its significant (p < 0.001) positive 
correlation with the output intensity of oil crops in the initial stage. The 
significant positive correlation lasts until the normalized value segment 
of [42.66, 80.97]. This illustrates that oil crops show higher dependence 
on fertilizer than staple food grains because the former maintains a 
positive correlation over a longer range of input intensities. For Group C, 
the correlation between fertilizer input intensity and output intensity of 
oil crops remains significantly (p < 0.05) positive until the normalized 
value segment of [55.26, 93.62]. 

The change in the local partial correlation coefficient between 
pesticide input intensity and output intensity of staple food grains with 
pesticide input intensity (Fig. 7(b-1)) is similar to Fig. 7(a-1) for Groups 
A and B. The difference is that pesticide input intensity shows a larger 
decoupling gradient than that of fertilizer. The inflection point first 

Fig. 4. Provincial annual output intensity of (a) staple food grains and (b) oil crops during 1998–2019. The provinces marked with the green background are the 
major grain-producing provinces. Hong Kong, Macau and Taiwan are not listed due to lack of data. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the Web version of this article.) 
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occurs in the normalized input intensity value segment of [17.54, 
57.30]. This demonstrates that superfluous pesticide input is more 
common than fertilizer input. This is because precise prevention of 
agricultural pests and diseases is difficult, which makes pesticides an 
important safeguard against risk. For Group C, pesticide input intensity 
shows persistent negative effects on the output intensity of staple food 
grains. According to Fig. 7(b-2), the change in the local partial corre
lation coefficient between pesticide input intensity and output intensity 
of oil crops with pesticide input intensity shows consistency among the 
three groups. The pesticide input intensity shows larger negative effects 
on the output intensity of oil crops than that of staple food grains since 
the local partial correlation coefficients in Fig. 7(b-2) are obviously 
lower than those in Fig. 7(b-1). 

In mountainous or plateau provinces (i.e., Group C), the coupling 
relationship between mulching film input intensity and output intensity 
of staple food grains has experienced three states in turn: coupling with 
significant (p < 0.01) negative correlation—decoupling (i.e., non
significant)—recoupling with significant (p < 0.05) positive correlation 
(Fig. 7(c-1)). In these provinces, the target of increasing output intensity 
puts forwards high requirements for the input intensity of film mulch. 
For Group C, the recoupling high positive correlation shows that the 
mulching film input intensity is not yet saturated and explains the 
continuous increase in mulching film input intensity in Fig. 2(f). The 
mulching film input intensity may further increase without appropriate 
controls. Group B shows the opposite change in the coupling relation
ship between mulching film input intensity and output intensity of sta
ple food grains. The conflict between Group C and Group B on the local 
partial correlation coefficient change rule leads to a general nonsignif
icant correlation for Group A. The local influence change of mulching 
film input intensity to oil crop output intensity (Fig. 7(c-2)) is similar to 
Fig. 7(c-1). 

As Fig. 7(d-1) and 7 (d-2) show, the agro-machinery input intensity 
presents a continuous significant positive correlation with two types of 
output intensity for Group A. For Group C, the agro-machinery input 
intensity shows a significant high positive correlation to the output in
tensity of staple food grains, but its positive correlation to the output 
intensity of oil crops is much weaker. Provinces in Group B show su
perfluous agricultural mechanical power since the increased agro- 
machinery input intensity does not promote output intensity. Another 
reason is that high arable land fragmentation limits the effectiveness of 
agricultural mechanical power. Arable land fragmentation can also 
explain the significant high negative correlation between agro- 
machinery input intensity and two types of output intensity for Group 
B. For instance, the Northeast China Plain, which shows a relatively low 
degree of arable land fragmentation, achieves high output intensity with 
lower agro-machinery input intensity than the Middle-lower Yangtze 

Plain. 
In the low value segment of normalized labour force input intensity 

([0, 64.45]), its coupling relationship to two types of output intensity is 
significantly negatively correlated for all groups (Fig. 7(e− 1), 7 (e− 2)). 
This is because in this low value segment, labour force input intensity 
shows a significant negative correlation to agro-machinery input in
tensity (Fig. 7(f)), namely, the dependence on labour force for crop 
production is replaced by agro-machinery and thereby achieves higher 
output intensity. In the high value segment of normalized labour force 
input intensity ([30.12, 88.27]), its coupling relationship to two types of 
output intensity turns to a significant positive correlation. This dem
onstrates that the dependence on the labour force for crop production is 
high in agricultural labour-intensive areas, especially for staple food 
grain production in mountainous or plateau provinces (i.e., Group C in 
Fig. 7(e− 1)). In this high value segment, agro-machinery input intensity 
shows synergetic development with labour force input intensity (Fig. 7 
(f)). 

4. Discussion 

4.1. Estimate the impact degree of input factors on output intensity 

In recent years, the random forest model has become a popular 
method to capture the nonlinear driving effect of multiple independent 
variables on dependent variables. In this study, the impact of the input 
intensity of five elements (i.e., fertilizer; labour force; mulching film; 
pesticide; agro-machinery) to staple food grain output intensity was 
quantitatively estimated using the random forest model for each stage 
(see Appendix B.5 for details on the method). Twenty tests were 
executed for each stage. The R2 values of the model fit of the three stages 
are [0.9618, 0.9702], [0.9719, 0.9786], and [0.9816, 0.9872], respec
tively (see Appendix B.6 for details on the R2 value). This result indicates 
that the fitting effect of the established random forest regression model 
can accurately explain the impact of each element on output intensity. 
The impact of the five elements on output intensity is indicated by the 
increase in mean squared error (Inc. MSE; Fig. 8). The results show that 
fertilizer input intensity stably plays the most important role in 
improving output intensity. Although pesticide input intensity dropped 
sharply in stage 3 (Fig. 2(c)), its importance continued to increase from 
stage 1 (1998–2003) to stage 3 (2012–2019) and rose to second place in 
the last stage. Mulching film input intensity has experienced a contin
uous decline in its influence on output intensity. The importance of agro- 
machinery input intensity and labour force input intensity shows 
opposite changes. In stage 1, labour force input intensity plays a much 
more important role in output intensity than agro-machinery input in
tensity. Then, during stage 1 to stage 2, the dependence of output 

Fig. 5. The sum of squares due to error (abbr. SSE) index, silhouette score (abbr. SC) index and Calinski-Harabaz (abbr. CH) index in multiple classification schemes 
with different numbers of categories. 
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intensity on the labour force is partly replaced by agro-machinery. 
During stage 2 to stage 3, labour force input intensity becomes the 
core influencing element of output intensity. In the meantime, the 
importance of agro-machinery input intensity declines sharply. This 
phenomenon can be explained by Fig. 7(d-1) and Fig. 7(e− 1). In stage 3, 
the agro-machinery input intensity increases to a superfluous level, 
which weakens its positive correlation to output intensity (Fig. 7(d-1)). 
In the same stage, labour force input intensity decreases continuously 
(Fig. 2(e)), and the negative correlation between labour force input in
tensity and output intensity increases sharply (Fig. 7(e− 1)). The random 
forest model-based results can reveal the overall driving effect of input 
elements on output but cannot explain how the input intensity of ele
ments influences output intensity and why their importance changes. 
The coupled relation analysis of this study can complement it by 
providing element action process information. 

4.2. Estimate suitability of provincial arable land input intensity 

According to the coupling—decoupling—recoupling process be
tween fertilizer (or pesticide) input intensity and output intensity 
(Fig. 7), an early warning threshold and critical warning threshold were 
designed. Then, the suitability of provincial arable land input intensity 
for fertilizer and pesticide use was divided into three states for each year. 
The “S” state indicates that the increase in input intensity can signifi
cantly promote output intensity (input intensity less than the early 
warning threshold). The “T” state indicates a nonsignificant correlation 
between input intensity and output intensity (input intensity is between 
the early warning threshold and critical warning threshold). The “N” 
state indicates superfluous input intensity (input intensity higher than 
the critical warning threshold). For fertilizer input intensity, the early 
warning threshold and critical warning threshold are 9.27 and 11.9 
(unit: 1014 sej/ha), respectively. For pesticide input intensity, the early 

Fig. 6. Structure pattern of provincial annual normalized arable land input intensity. (a) The characteristics of each class on input intensity of fertilizer, pesticides, 
agro-machinery, labour force and mulching film. (b) Spatial-temporal variation in the structural pattern of arable land input intensity from 1998 to 2019. The 
provinces marked with the green background are the major grain-producing provinces. Hong Kong, Macau and Taiwan are not listed due to lack of data. Class A–E 
express the same meaning in (a) and (b). The NULL data in (b) are due to the dramatic change in the provincial input intensity of some elements and are considered 
outliers. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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warning threshold and critical warning threshold are 1.12 and 1.5 (unit: 
1013 sej/ha), respectively. The provincial state of each stage is subjec
tively determined by the overall situation of multiple annual provincial 
states for years that belong to the stage (Fig. 9). 

In stage 1 (Fig. 9(a)), superfluous fertilizer input intensity was 
mainly distributed in eastern coastal provinces such as Shandong, 
Jiangsu and Fujian. In the North China Plain and the Middle-Lower 
Yangtze Plain, the fertilizer input intensity of multiple provinces 
exceeded the early warning threshold. In stage 2 (Fig. 9(b)), the phe
nomenon of superfluous fertilizer input intensity worsens, and all “T” 
state provinces in stage 1 change to the “N” state; Zhejiang turns to the 
“N” state from the “S” state; the effectiveness of enhancing fertilizer 
input intensity is lost in Jilin, Sinkiang and Guangxi. In stage 3 (Fig. 9 
(c)), the phenomenon of superfluous fertilizer input intensity is still 
spread westwards to Ningxia, Sinkiang and Yunnan, and the states of 
eastern and central provinces are basically stable compared with stage 2. 
The suitability of pesticide input intensity also shows obvious east‒west 
differences. In stage 1 (Fig. 9(d)), superfluous pesticide input intensity is 
more serious and widespread than that of fertilizer. In the later stages, 
the suitability of pesticide input intensity deteriorates in Gansu, Jilin 
and Yunnan; southeast provinces remain stable in “N” state; only the 
state of Hebei is reversed from “N” to “T”. 

On the whole, although the “zero growth action for fertilizers and 
pesticides” has made considerable achievements in reducing the input 
intensity of fertilizer and pesticides since 2015, the severe situation of 
superfluous fertilizer and pesticide input has not changed substantially. 
The input intensity of fertilizer and pesticides still needs to be further 
reduced. Heilongjiang is the only province that shows a stable “S” state 
on fertilizer and pesticide input intensity compared to other provinces 
with large plain areas. This demonstrates that soil improvement and an 
increase in the agricultural operations scale play an important 
comprehensive role in reducing the input intensity of fertilizer and 
pesticides. 

4.3. Analysing the sustainable intensification status of China from a 
global perspective 

To show the sustainable intensification status of agriculture in China 
from a global perspective, national arable land use intensity was esti
mated from three dimensions: output intensity, fertilizer input intensity 
and pesticide input intensity in 1995, 2000, 2005, 2010, 2015 and 2019 
by using a bubble diagram (Fig. 10). 

First, from an overall perspective, national output intensity around 
the world generally increased, while fertilizer input intensity decreased 
from 1995 to 2019. This demonstrates that global efforts to achieve 
“zero hunger” and protect farmland ecosystems have paid off. There are 
significant correlations (p < 0.01) between output intensity and fertil
izer (or pesticide) input intensity. It also demonstrates that the ratio of 
output intensity and input intensity is not suitable to indicate the degree 
of SI at large scales because the output intensity and input intensity may 
both be extremely low for countries showing extremely high ratios of 
output intensity and input intensity. 

Second, countries leading the world in sustainable intensification of 
agriculture are mainly in Europe. The countries with output intensities 
above 8.0 (unit: 1.0 E+7 kJ/ha) are almost all in Europe (e.g., UK, 
Germany, France, Denmark, Belgium, Luxembourg, and Ireland). In part 
of them (i.e., Denmark, Germany, Austria, Sweden, etc.), high me
chanical input makes crop output less dependent on fertilizers and 
pesticides and is suitable for promoting “land sharing”. However, there 
are exceptions. For instance, the high output intensity of the Netherlands 
was highly dependent on fertilizer input before 1995, and this depen
dence decreased sharply in the following decade. High fertilizer input 
intensity did not bring high output intensity in Finland, Norway, 
Belarus, or Iceland. After 2010, fertilizer input intensity continued to 
decline in Belarus and Finland. The output intensity of Romania, 
Albania, Ukraine and Portugal has increased rapidly in the last 10 years, 
with stable low fertilizer input intensity. In addition, pesticide input 
intensity in the Netherlands and Malta exceeded 90.1 % of all countries 
in the world in 2019. 

Fig. 7. (a/b/c/d/e− 1) Local partial correlation coefficients between the input intensity of fertilizer (a-1)/pesticides (b-1)/mulching film (c-1)/agro-machinery (d-1)/ 
labour force (e− 1) and the output intensity of staple food grains in different sliding windows. (a/b/c/d/e− 2) Local partial correlation coefficients between the input 
intensity of fertilizer (a-2)/pesticides (b-2)/mulching film (c-2)/agro-machinery (d-2)/labour force (e− 2) and the output intensity of oil crops in different sliding 
windows. (f) Correlation coefficients between labour force input intensity and agro-machinery input intensity in different sliding windows. Three groups of samples 
were tested for each experiment. Group A is the set of all samples. Group B consists of provinces with high levels of crop output. Group C involves mountainous or 
plateau provinces. The y-coordinate of each point corresponds to the local partial correlation coefficient between variable v and the output intensity of a set of 
samples in a specific sliding window, and its x-coordinate is equal to the average value of v of these samples. The v corresponds to the input intensity of a specific 
element (i.e., fertilizer; pesticides; mulching film; agro-machinery; labour force). 

Fig. 8. Estimation of the impact of the input intensity of five elements (i.e., fertilizer; labour force; mulching film; pesticide; agro-machinery) to staple food grain 
output intensity by using the random forest model and the increase in mean squared error (Inc. MSE) in stages 1–3. Twenty tests were executed for each stage. 
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Third, in the American continents, the output intensity of the United 
States, Uruguay and Brazil is high with relatively low input intensity of 
fertilizer and pesticides. Despite the high pesticide input intensity, the SI 
of Barbados should be taken seriously because it has experienced a 

process of increasing output intensity with decreasing fertilizer input 
intensity in the last 10 years. For the Bahamas, Belize, Costa Rica and 
Saint Lucia, the large increase in fertilizer input intensity and the 
continuous high pesticide input intensity in the last 10 years do not bring 

Fig. 9. Estimated suitability of provincial arable land fertilizer (a–c) and pesticides (d–e) input intensity in stages 1–3. The “S” state indicates that the increase in 
input intensity can significantly promote output intensity. The “T” state indicates a nonsignificant correlation between input intensity and output intensity. The “N” 
state indicates superfluous input intensity. Hong Kong, Macau and Taiwan have no data. 
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about an increase in output intensity. 
Fourth, China nearly achieves the highest level of fertilizer input 

intensity and output intensity in Asia, which is similar to Japan and the 
Republic of Korea. Since 2015, China has embarked on a sustainable 
intensification route with decreasing fertilizer and pesticide input in
tensity and increasing output intensity. However, this starting point is 
later than that of the United States, Germany, Austria and France. There 
is still an obvious gap between the output intensity of China and the 

world’s leading level. Part of the reason is that a mass of low-quality 
arable land has been cultivated in China to ensure the food demand of 
her huge population. This poses a huge challenge to enhancing the 
arable land output intensity of China. Developing and disseminating 
land consolidation techniques and thereby improving arable land 
quality is of great significance for China to achieve the world’s highest SI 
level. 

Fifth, for most African countries, output intensity, fertilizer input 

Fig. 10. Pattern of national sustainable intensification of agriculture from three indicators: output intensity, fertilizer input intensity and pesticide input intensity. All 
indicators are expressed in units of energy. The output intensity is calculated as the annual average output of five primary grain crops (i.e., Corn; Wheat; Beans; 
Potatoes; Oryza sativa) (unit: kJ/ha.). The fertilizer (or pesticide) input intensity is calculated as annual fertilizer (or pesticide) input per unit area (unit: sej/ha.). Pf 
(or Pc) presents the Pearson correlation index between output intensity and fertilizer (or pesticide) input intensity. ** indicates p value < 0.01. In the bubble diagram, 
the x-coordinates and y-coordinates of the circles’ centre are set as the fertilizer input intensity and output intensity, respectively; the circles’ size is set as the 
pesticide input intensity. Countries on different continents have been assigned different colours. It should be noted that to clearly show the agricultural intensification 
features of most countries, the authors have limited the range of the coordinate axes, which makes some countries invisible in specific years (e.g., the Netherlands in 
1995, 2000 and 2005). Samples that deviate more than three standard deviations from the mean value are considered outliers. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.) 
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intensity and pesticide input intensity are at low levels, showing great 
potential for improvement. Egypt and South Africa have explored a 
sustainable intensification path featuring low fertilizer and pesticide 
input intensity and high output intensity. Promoting sustainable inten
sification in African countries plays an important role in achieving 
sustainable development goals (SDGs). 

Sixth, unfortunately, the polarization of agricultural intensification 
has increased in the last 25 years: some developed countries have 
explored sustainable intensification models relying on the advantages of 
fertile farmland, fine breeds and advanced agricultural technology; 
however, some other countries (mainly in Asia, America and Oceania) 
are limited by natural, scientific and economic factors and try to 
improve output intensity by increasing the input intensity of chemical 
fertilizer and pesticides. For most of them, these measures have had a 
poor effect on improving output intensity but have caused irreversible 
farmland ecosystem degradation, increased agricultural carbon emis
sions and loss of farmland biodiversity, and even threatened human 
health. Therefore, government actions to develop sustainable intensifi
cation need extensive international cooperation and support. Low SI 
countries need to promote international advanced agricultural tech
nology and agricultural infrastructure and eliminate excessive depen
dence on chemical fertilizers and pesticides. 

4.4. Develop input—output coupled analysis at multiple spatial-temporal 
scales 

This study is a preliminary attempt to analyse the coupling effect of 
input intensity on output intensity at the province scale and thereby 
estimate the suitability of input intensity in China. The authors hold that 
the coupling—decoupling—recoupling process between input and 
output intensity can be regarded as the extension and application of 
Landau’s theory of phase transition in the study of farmland ecosystem. 
According to Landau’s theory of phase transition, the phase transition 
from gas to liquid is accompanied by a loss of symmetry, and the order 
parameter changes from zero to non-zero, indicating that the state of the 
system changes from disorder to order. Similarly, in the process of 
coupling to decoupling, the sliding window-based partial correlation 
coefficient changes from significant correlation (i.e., non-zero, p < 0.05) 
becomes irrelevant (i.e., zero), indicating that the promotion (or inhi
bition) effect of input intensity on output intensity has undergone a 
phase transition from order to disorder. The reversed phase transition 
occurs in the process of decoupling to re-coupling. The partial correla
tion coefficient, as the order parameter, effectively captures the phase 
transition process from a holistic perspective. 

The limitation of this study is that the spatial heterogeneity of 
farming conditions (i.e., climatic conditions, soil properties, terrain 
features, and agricultural infrastructure conditions) has been ignored. 
Farming conditions influence the driving effect of input intensity on 
output intensity. For instance, Fig. 7(c-1) shows that the mulching film 
input intensity has the opposite effect on the output intensity of staple 
food grains in plain areas and mountain areas. To understand the in
fluence of multi-element input intensity on output intensity, more 
input—output coupled analysis cases should be implemented in zones 
with homogeneous climatic conditions, soil properties, terrain features 
and agricultural infrastructure conditions (Gong et al., 2023; Jin et al., 
2024; Ye et al., 2022c). Another important question is how farming 
conditions contribute to the input—output coupling process. Answering 
this question can provide support for exploring suitable arable land 
consolidation schemes. And the differences in the input‒output 
coupling process caused by crop types should also be considered in 
follow-up studies. To achieve these objectives, abundant field-scale 
survey data or county-level agricultural statistical yearbook data 
related to agricultural input and output need to be collected, which puts 
forwards an urgent need for the imaging technology of satellite-ground 
fusion (Lu and Ye, 2020; Ye et al., 2014, 2020b; Wan et al., 2021) and 
high-performance spatial data processing and analysis techniques (Yao 

et al., 2017; Ye et al., 2016, 2018; Wang et al., 2022b). The 
input—output coupled analysis method is also applicable to higher 
scales, for instance, analysing the overall input‒output coupling rela
tionship at the global scale (Gao et al., 2023; Wang et al., 2023, 2024). 
Furthermore, this study mainly focuses on the estimation of sustainable 
intensification from the dimension of input-output relationship, and the 
sustainability of ecological function and social benefit dimension is not 
considered enough. Our future work will examine the effects of arable 
land use on farmland socio-ecosystem functions (Fang et al., 2022). 

5. Conclusions 

In this study, first, China’s provincial annual input intensity and 
output intensity were estimated in the form of emergy. The results show 
that the output intensity of staple food grains (including rice; wheat; 
corn; beans; potato) and oil crops (oilseed and hemp) both showed a 
steady increase from 1998 to 2019, while most types of input intensity 
(i.e., fertilizer; pesticide; labour force; mulching film) experienced a 
process of first increasing and then decreasing. Provinces with the 
highest input intensity are clustered in the Huang-Huai-Hai Plain and 
Southern China with different combination structures, while Southern 
China does not show corresponding high output intensity. Second, the K- 
means algorithm was used to identify the structural pattern of the pro
vincial annual arable land input intensity. The results show that there 
are two main change paths in the pattern of arable land input intensity: 
western regions mainly experienced a small increase in the input in
tensity of fertilizer and agro-machinery with a decrease in labour force 
input intensity, while the northeast China Plain, middle-lower Yangtze 
Plain and Central Shaanxi Plain experienced a larger increase in fertil
izer and pesticide input intensity. Third, a sliding window-based partial 
correlation index method was proposed and applied to explain the 
impact of input intensity on output intensity and thereby estimate the 
suitability of provincial sustainable intensification (SI). The results show 
that for each type of input intensity, its correlation to output intensity 
has experienced a coupling—decoupling—recoupling process. These 
processes may show characteristics of opposition between mountainous 
regions and high-yield regions. The inflection point of coupling relation 
changes provides guidance for estimating the suitability of input in
tensity. According to these inflection points, the phenomenon of fertil
izer and pesticide overuse has steadily occurred in most provinces in 
eastern China and is spreading westwards. The input intensity of fer
tilizer and pesticides needs to be further reduced. Forth, since 2015, 
China has embarked on a sustainable intensification route with 
decreasing fertilizer and pesticide input intensity and increasing output 
intensity. However, there is still an obvious gap between the output 
intensity of China and the world’s leading level. Developing and 
disseminating land consolidation techniques and thereby improving 
arable land quality is of great significance for China to achieve the 
world’s highest SI level. To understand the influence of multi-element 
input intensity on output intensity, more input—output coupled anal
ysis cases should be implemented in zones with homogeneous climatic 
conditions, soil properties, terrain features and agricultural infrastruc
ture conditions. The analysis method of this study can provide guidance 
for other countries to estimate the suitability of SI. 
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