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Abstract: Achieving eco-efficiency in agriculture production at low en-
vironmental costs is key to sustainable agriculture. Using the DEA-SBM 
model, this study evaluated the agricultural eco-efficiency of the 77 
counties and districts in China’s Jiangsu province from 1999 to 2018 and 
analyzed its spatio-temporal evolution pattern and influencing factors. 
The mains conclusions were as follows: (1) The overall agricultural 
eco-efficiency and its decomposition terms, pure technology efficiency 
and scale efficiency, exhibited a fluctuating downward trend. The re-
gional inequality in agricultural eco-efficiency had been widening and 
exhibited a strong positive spatial association. (2) The agricultural 
eco-efficiency in Jiangsu province presented a “high south and low 
north” spatial pattern. High-level agricultural eco-efficiency areas were 
in the Taihu Plain in Sunan, while low-level agricultural eco-efficiency 
zones are distributed across Subei City. The High-High-type spatial 
association pattern is concentrated in the Suzhou-Wuxi-Changzhou re-
gion, while the Low-Low areas are mainly in the coastal regions of 
Subei and Suzhong. (3) The spatial pattern of PTE and SE generally ex-
hibited a “high south and low north” distribution. Areas with positive 
growth in agricultural eco-efficiency, PTE, and SE, were situated in 
Xuzhou, Nanjing city, and the bordering regions between Yangzhou 
and Huai’an, and Changzhou and Wuxi. (4) The excessive redundant 
use and application of pesticides, chemical fertilizer, agricultural diesel, 
labor, land, and agricultural carbon emission have been the primary 
factor affecting Jiangsu's agricultural eco-efficiency. Irrigation had also 
signficantly impacted agricultural eco-efficiency, while mechanical 
power and agricultural film had minimal effect. The majority of coun-
ties and districts in Subei, Suzhong, and Ningzhen Yang Hilly region 
have issues regarding their excessive usage of chemical fertilizer, pesti-
cide, chemical fertilizer, agricultural diesel, labor, and land. The find-
ings of this study can contribute towards a better understanding of ag-
ricultural eco-efficiency and spatial association effect and can help pol-
icymakers increase agricultural eco-efficiency.  
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1. Introduction 
With rapid developments in China’s agricultural industry, serious agriculture 

pollution, caused by the massive application of chemical fertilizer, agricultural 
plastics films, and pesticides linked to intensive agriculture growth patterns, is 
threatening sustainable agricultural development [1,2]. For instance, Jiangsu, one of 
China’s primary agricultural production bases, remains in the conventional devel-
opment mode of high investment, high consumption, and high output. In recent 
years, aimed at promoting agricultural yield, the province has declined into high 
material inputs, high carbon emissions, and low efficiency [3-5], which has resulted 
in increased discharges of agricultural NH3, Nitrogen, CO2, and chemical oxygen 
demand (COD), total nitrogen, and total phosphorus emissions [6-8]. These agri-
cultural production byproducts have exerted significant adverse pollution spillo-
vers on the soil, water, air, and neurobehavioral functions [9,10]. These phenome-
non is opposite the goals of sustainable agriculture, which is aimed at conserving 
land and water resources, using environmentally non-degrading production tech-
niques, and employing technically appropriate, economically, viable, and socially 
acceptable farming operations [11,12]. Hence, identifying green agricultural per-
formance and its underlying influencing factors is crucial to ensuring the agricul-
tural transformation and development of Jiangsu province from quantitative 
growth towards green and efficient development. 

Eco-efficiency is considered an effective tool for measuring agricultural sus-
tainability, linking the economic value of agricultural activities with its impact on 
the environment. Eco-efficiency is defined as the effectiveness of producing maxi-
mum economic output while consuming minimal natural resources and constrain-
ing environmental degradation [13,14]. The term is extended to the field of agri-
culture [12,15], coining the term agricultural eco-efficiency. While there is no uni-
versally accepted definition for agricultural eco-efficiency, the core aim of agricul-
tural eco-efficiency is to produce more quantity and higher quality agricultural 
products and services using fewer natural resources and with minimal adverse ef-
fects on the environment. Increasing agricultural eco-efficiency would mean im-
proving farm product quality (food safety and issue), lowering carbon emission, 
and enhancing resource utilization [16]. Agriculture eco-efficiency has been applied 
at various scales, from the national level [1,17], provincial level [18], city level [19], 
village level [20], up to the farm level [21,22]. However, based on our review of 
previous studies, little research has been conducted evaluating agricultural 
eco-efficiency at the county level, particularly in Jiangsu province. County is con-
sidered as the basic administrative unit in agricultural production management, 
and county agriculture constitutes the foundation of the national economy.  
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Numerous methods have been applied to evaluate agricultural eco-efficiency, 
including the ratio method, life cycle accounting (LCA), ecological footprint, envi-
ronmental sustainable value (ESV), stochastic frontier analysis (SFA), and data en-
velopment analysis (DEA) [23,24]. Some studies have found that nonparametric 
DEA is more applicable in evaluating agricultural eco-efficiency [25,26]. The ad-
vantage of DEA is that it avoids setting specific functional forms and deals with the 
efficiency problem of multi-input and multi-output system [27]. Various improve-
ments have been proposed to improve on the limitations of the traditional DEA. 
For example, Tone [28] proposed the non-radial slacks-based measure (SBM) of ef-
ficiency in DEA, which resolves the slack of input excesses and the output shortfalls 
and measures the inefficiency of the decision making units (DMU) in traditional 
DEA. Tone [29] further extended the SBM to consider undesirable outputs for 
production efficiency evaluation. Hence, the SBM model that incorporates slack 
variables and undesirable outputs can better reflect the nature of eco-efficiency 
evaluation [30].  

The first law of geography posits that everything is related to everything else 
and that near things are more related than distant things [31]. Similarly, space is 
highly consequential in environmental and resource economic analyses [32]. Spa-
tial effects concerning spatial dependence, heterogeneity, and clustering have been 
considered in energy eco-efficiency [33,34], and regional eco-efficiency [35]. The 
spatial effect of inter-regional eco-efficiency can be evaluated by measuring the 
global and local Moran’s I. For Jiangsu, the agricultural zone can be divided into 
six types according to the physiographic and socioeconomic composition of the 
province: (1) Taihu lake agriculture area, (2) the agriculture area along the Yangtze 
River, (3) Ningzheny Yang hilly agricultural area, (4) Xuzhou-Huai’an agriculture 
area, (5) the coastal agriculture area, and (6) Lixiahe river area. Given similar pro-
duction conditions, this study explores the spatial dimension of agricultural 
eco-efficiency and analyzes local spatial clustering of agricultural eco-efficiency in 
Jiangsu province. Scientific evaluation of the spatio-temporal evolution characteris-
tics of agricultural eco-efficiency can support the development and implementation 
of high-quality green agricultural strategies. 

In this study, the DEA-SBM model was used to assess the agricultural 
eco-efficiency in Jiangsu’s 77 counties and districts from 1999 to 2018 and incorpo-
rated agricultural carbon emissions in the analysis. The main research questions of 
the study are as follows: (1) What is the temporal variation trend in agricultural 
eco-efficiency and its decomposition contribution term in Jiangsu province for the 
study period? (2) What are the spatial differences in agricultural eco-efficiency 
based on characteristics, association patterns, and growth type? (3) What are the 
primary sources of agricultural eco-efficiency loss for the various counties and dis-
tricts? 

2. Materials and Methods 
2.1. Study Area  

Jiangsu province is located on the developed eastern coast of China, situated at 
the lower reaches of the Yangtze and Huaihe Rivers. The terrain is covered by vast 
plain and water areas with patches of mountains and hilly lands. Due to rapid ur-
banization and industrialization, losses in croplands have continued, decreasing 
from 700.10 (10^4hm2) in 2000 to 633.06 (10^4hm2) in 2015 [36]. The per capita cul-
tivated land is 0.85 mu, equivalent to two-thirds of the national average. In south-
ern Jiangsu, the value difference is even more pronounced with the per capita cul-
tivated land less than 0.3 mu. Due to the region’s limited per capita arable land and 
dense population, Jiangsu’s agricultural production is highly dependent on ferti-

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 April 2021                   doi:10.20944/preprints202104.0431.v1

https://doi.org/10.20944/preprints202104.0431.v1


 

 

lizer usage, resulting in high carbon emission and intensified environmental pres-
sures [37].  

Jiangsu is one of the 13 major grain-producing provinces in China. Its grain 
production experienced a cyclical fluctuation from high to low to high, from 1999 to 
2018. Adjustments in the agricultural structure started in 1999, after years of de-
clining grain yield. A series of food production support policies were implemented 
(e.g., seed, fertilizer, and machinery subsidies, lowest grain purchase, and infusion 
of agricultural capital) that resulted in the increased grain production over consec-
utive harvest years. 

   Jiangsu is located in the northern wing of the Yangtze River Delta economic 
zone. Jiangsu is composed of 13 municipalities, which can be further subdivided 
into three regions based on the socioeconomic boundaries: Subei, Suzhong, and 
Sunan. The level of economic development varies greatly among the three regions, 
decreasing from south to north. The proximity of Shanghai likely influences this 
difference in economic levels resulting in regional agricultural clusters.  

 

Figure 1. The study area 

2.2. Methods 

2.2.1. DEA-SBM 

Research manuscripts reporting large datasets that are deposited in a publicly 
available database should specify where the data have been deposited and provide 
the relevant accession numbers. If the accession numbers have not yet been ob-
tained at the time of submission, please state that they will be provided during re-
view. They must be provided prior to publication. 
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As a non-radial and non-oriented DEA model, the SBM model has the ad-
vantage of settling the problem of input and output slacks and avoid radial and 
oriented deviation. In this study, we selected the 77 counties of Jiangsu as the 
DMUs. Each unit contains input, desirable outputs, and undesirable outputs (car-

bon emission), represented by the vectors: mRx , 1s
g Ry  , 2s

b Ry  , respective-

ly. The matrices X  gY  and bY   are defined as follows [38,39]: 

   The agricultural eco-efficiency, including undesirable outputs, can be calculated 
as follows: 
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where mRs  , 1sg Rs  , and 2sb Rs  represent the slacks in inputs, de-

sirable outputs, and undesirable outputs; and m, s1, and s2 indicate the number of 
factors for inputs, desirable outputs, and undesirable outputs. When there is no 
superfluous input, insufficient desirable output, and redundant undesirable output 

(i.e., s =0, gs =0, bs =0), the DMU0 ),,( 000 bg yyx  is efficient. However, if the 

DMU0 is inefficient, the inputs, desirable outputs, and undesirable outputs would 

have to be improved. The vectors indicates that the actual input resource is 

more than the frontier input.  indicates whether the desirable output produced 

in the realistic operation is less than the frontier desirable output. means that 

the actual undesirable output level is greater than the leading edge of the undesir-
able output level. λ is the intensity vector.  

The agricultural eco-efficiency (OE) can be decomposed into pure technical ef-
ficiency (PTE) [40], and scale efficiency (SE). PTE refers to the efficiency of resource 
allocation, utilization and pollution control, management, and production tech-
nology. SE refers to the efficiency of the resource scale, determining whether the 

DMUs are at optimal production scale [30]. The value  is between 0 and 1. If 

 =1, the eco-efficiency of DMU0 is said to be efficient, and PTE and SE are also 

efficient. If  <1, the DMU0 is considered to be inefficient, and PTE or SE is ineffi-

cient but can be improved by deleting the excess in bad outputs and augmenting 
the shortfalls in good outputs via the SBM-projection [41]. In this study, the agri-
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cultural eco-efficiency, PTE, and SE for each county and district in Jiangsu were 
calculated using MaxDEA Ultra 8.8 Software from 1999 to 2017.  

2.2.2. Gini coefficient and variation coefficient (CV) 

The degree of inequality in agricultural eco-efficiency can be measured by the 
coefficient of variation (CV) and the Gini coefficient.  

xsCV /                    (4) 


 


n

i

n

i
ji XX

xn
Gini

1 1
22

1
    (5) 

where 



n

i
iXx

1

77/ ,  


n

i i xXs
1

)()76/1( , n is the number of counties 

and districts, and iX  denotes the specific agricultural eco-efficiency in the i coun-

ties and districts.  

2.3.3. Exploratory Spatial Data Analysis (ESDA) 

ESDA is a set of synthesized methods specialized in exploring spatial distribu-
tions and identifying spatial association, clusters, and hot (or cold) spots, for both 
global and local spatial autocorrelations [42,43]. The global Moran’s I is mostly 
used to describe the global spatial autocorrelation, and is defined for n observa-
tions on an attribution variable x as follows [44]: 
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where ix  and jx  are the agricultural eco-efficiency value for units i and j; 

x  is the mean of variable x; ijw  is the defined spatial queen matrix; and
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0 . The Z score can be calculated to determine whether significant 

spatial autocorrelation exists. A Moran’s I index value close to 1 indicates positive 
spatial clustering, while a value close to 0 indicates random distribution.   

While global spatial autocorrelation can establish whether spatial clustering 
exists, it is unable to determine where the spatial clustering occurs. Local spatial 
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autocorrelation can be used to explain the patterns of local clustering. For provinc-
es i and year t, the local spatial autocorrelation is expressed as [45]:   
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Four types of spatial association can be identified based on the value of adja-
cent regions from the local spatial autocorrelation: High-High, Low-Low, 
High-Low, and Low-High. Regions classified as High-High, are those with great-
er-than-average values clustered in areas with greater-than-average values. Simi-
larly, Low-Low, High-Low, and Low-High clusters can be defined. Only the 
High-High and Low-Low classes represent positive spatial autocorrelation since 
these categories have similarly valued regions clustered together. 

2.3. Data source 

General agriculture comprises agriculture, forestry, animal husbandry, and 
fishery, while special agriculture only refers to planting. Planting is the foundation 
of agriculture and is the most important component of agricultural eco-efficiency. 
In this study, special agriculture (i.e., planting) is selected as the research object to 
measure agricultural eco-efficiency. Using available data from the Jiangsu’s Statis-
tics Bureau, seven input indicators were selected, characterizing agricultural labor, 
land, irrigation, chemical fertilizer, and pesticide usage. Both desirable and unde-
sirable output indicators were included, and the evaluation system for the in-
put-output and variable selection is described in Table 1.  

Agriculture carbon emission was incorporated as undesirable agricultural 
output. The main carbon sources for agriculture production activities were identi-
fied as chemical fertilizer, pesticide, film, diesel, irrigation, and tillage. Based on 
existing studies [4,20,46], the values used for the emission coefficients are as fol-
lows: agricultural chemical fertilizer (0.8956 (t/t)), agricultural pesticide (4.9341 
(t/t)), agricultural film (5.18(t/t)), agricultural diesel (0.5927 (t/t)), agricultural irriga-
tion (0.26648 (t/hm2), and arable land (0.3126 (t/hm2)).The agricultural expected 
output indicators were characterized using the total agricultural output value. 
Price data were adjusted to 1999 prices to eliminate the impact of price fluctuations. 
All data were collected from the Jiangsu Statistical Yearbook (2000-2018) and the 
Rural Statistical Yearbook of Jiangsu Province (2000-2018), published annually by 
the Jiangsu Statistics Press.  

Table 1. The evaluation indicators of agricultural eco-efficiency 

Primary indices 
Secondary Indi-

ces 
Interpretation Max Min Mean Stdev Number 

Input indicators 
Mechanical 

power (x1) 

Total agricultural machinery 

power (10^4kw·h) 
501 0.24 11.24 15.35 1463 
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Irrigation (x2) 
Effective irrigation area 

(10^3hm2) 
253.58 0.55 100.13 61.53 1463 

Labor (x3) 
Agricultural practitioner (Mil-

lion person) 
159.29 3.75 50.33 27.86 1463 

Land (x4) 
Cultivated land area 

(10^3hm2) 
211.67 2.44 48.57 31.09 1463 

Pesticide (x5) Usage of pesticides (ton) 152481 1755 43222.07 32454.57 1463 

Agricultural film 

(x6) 

Usage of plastic sheeting 

(ton) 
15557 20 1156.64 859.61 1463 

Chemical ferti-

lizer (x7) 
Usage of fertilizers (ton) 10230 39 1160.99 1274.16 1463 

Diesel (x8) Usage of diesel oil (ton) 79125 355 11696.16 13131.94 1463 

Expected output 

indicator 

Carbon emission 

(z1) 

Agricultural carbon emissions 

(ton) 
18.88 0.38 5.88 4.06 1463 

Undesirable output 

indicator 

Output value 

(z2) 

Total gross output value of 

agriculture (billion) 
1601222 10757 273295.09 209448.06 1463 

3. Results 
3.1. Temporal evolution pattern of regional agricultural eco-efficiency 

After calculating the geometric mean value of the agricultural eco-efficiency, 
the pure technical and the scale efficiencies for all of Jiangsu’s counties and districts 
were calculated from 1999 to 2018. The temporal change in agricultural 
eco-efficiency was then plotted and is presented in Figure 2.  

As shown in the graph (Figure 2), the annual mean agricultural eco-efficiency 
was 0.640, which means that the actual input is only about 64.0% of the optimal 
input. Under constant output, the reduction of 36.0% of input would achieve effec-
tive agricultural eco-efficiency. The geometric mean value for the annual PTE was 
0.730, while the was 0.876. Both values are above the annual mean value of agri-
cultural eco-efficiency, and the value of SE was greater than PTE.  

The graph (Figure 2) also shows that agricultural eco-efficiency exhibited a 
generally downward fluctuating trend. From 0.669 in 1999, the value increased to 
0.695 in 2002, dropped to 0.597 in 2003, rose to the peak value of 0.741 in 2006, de-
clined to 0.574 in 2011, and then rebounded to 0.621 in 2018. The temporal pattern 
of PTE exhibited a consistent fluctuation trend in agricultural eco-efficiency. For 
the SE, the value rose from 0.867 in 1999 to 0.933 in 2006 and declined to 0.879 in 
2018. Its contribution rate to agricultural eco-efficiency increased from 129.65% in 
1999 to 141.55% in 2018.  
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Figure 2. Temporal change in agricultural eco-efficiency from 1999 to 2018 

3.2. Spatial evolution pattern of agricultural eco-efficiency 

To examine the spatial differentiation patterns of agricultural eco-efficiency, 
the coefficient variation (CV) and Gini values of regional agricultural eco-efficiency 
were calculated. ArcGIS 10.5 software was used to analyze and calculate the annual 
geometric mean value and the spatial variation coefficient of agricultural 
eco-efficiency for each county and district. Using 0.65 to divide the spatially high 
and low agricultural eco-efficiencies, and using 0.19 to separate relative equality 
and inequality groups, the spatial and temporal groupings of agricultural 
eco-efficiency was obtained.  

As shown in Figure 3, the CV and Gini values of agricultural eco-efficiency 
showed a fluctuating but generally, upward trend, experiencing an initial decline 
followed by a strong, rising trend. Specifically, the CV and Gini values decreased 
from 0.239 and 0.132 in 1999, to 0.195 and 0.110 in 2004, and rose to 0.332 and 0.190 
in 2018. These trends indicate that in recent years, the regional difference in agri-
cultural eco-efficiency leaned towards expansion.  

 

Figure 3. The CV and Gini coefficient of regional agricultural eco-efficiency from 1999 to 2018 

As shown in Figure 4, the agricultural eco-efficiency in Jiangsu province as a 
whole presented a “high south and low north” distribution pattern. Counties and 
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districts with high agricultural eco-efficiency values were situated mainly around 
the Taihu Plain in Sunan and scattered in Nanjing, Yangzhou, Huai’an, and Tai-
zhou City. Those with the low agricultural eco-efficiency were mainly located in 
Subei, particularly along the coasts, and in Ningzhen Yang Hilly of Sunan.  

The variation coefficient for each county and district was also computed from 
1999 to 2018 to identify inter-annual fluctuation patterns. Overall, the variation co-
efficient ranged from 0.074 to 0.408, which suggests a large interannual difference 
in agricultural eco-efficiency for most counties and districts. The spatial pattern of 
regional variation coefficient was largely the reverse of the calculated geometric 
mean of agricultural eco-efficiency. High variation coefficient regions were mainly 
found in Subei, particularly in Yancheng and Huai’an city, while low variation co-
efficient regions were mainly in Sunan and Suzhong. Regions with high geometric 
mean in agricultural eco-efficiency were found to more likely have little in-
ter-annual variation. In contrast, regions with lower geometric mean were more 
likely to have large interannual fluctuations, indicating that the spatial evolution 
pattern of agricultural eco-efficiency has cumulative and inertia effects. Low agri-
cultural eco-efficiency regions were more susceptible to input conditions in agri-
cultural production.  

 The spatial combination type of high and low, equality and inequality agri-
cultural eco-efficiency was generally consistent with the spatial pattern of agricul-
tural eco-efficiency geometric mean. The high-and-equal type was mainly distrib-
uted in Sunan, Yangzhou in Suzhong, Dafeng county, and Huai’an districts, ac-
counting for 32.47% of the entire region. The low-and-unequal and low-and-equal 
types were scattered in the Ningzhen Yang Hilly region and the northern and 
coastal counties in Subei, accounting for 50.65%.   

 

Figure 4. Spatial pattern of regional agricultural eco-efficiency 

3.3. Spatial association pattern of agricultural eco-efficiency 

The global Moran’s I of agricultural eco-efficiency exhibited a positive spatial 
correlation. Overall, the global Moran’s I passed the 5% significance level except in 
2003, 2004, and 2005, which suggests that Jiangsu’s agricultural eco-efficiency had 
significant clustering and that the clustering degree showed a fluctuating and ex-
panding trend. Similarly, the Moran’s I of agricultural eco-efficiency fluctuated 
down to the lowest level in 2004, followed by a rapid increase. The results suggest 
a consistent variation trend between the value of the spatial association and re-
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gional difference in the agricultural eco-efficiency. With improving agricultural 
eco-efficiency in all counties and districts in 2000 and 2004, the regional difference 
and spatial clustering had been significantly reduced. However, the Moran’s I val-
ue in regional agricultural eco-efficiency has since expanded since 2004.  

Table 2. The Moran’s I of agricultural eco-efficiency from 1999 to 2018 

Year Moran's I Z P  Year Moran's I Z P 

1999 0.3372  4.696  0.000   2009 0.1875  2.680  0.004  

2000 0.3301  4.598  0.000   2010 0.1834  2.626  0.004  

2001 0.3225  4.490  0.000   2011 0.2628  3.685  0.000  

2002 0.3306  4.598  0.000   2012 0.2590  3.633  0.000  

2003 0.0269  0.538  0.295   2013 0.3249  4.512  0.000  

2004 0.0174  0.410  0.341   2014 0.3403  4.713  0.000  

2005 0.0448  0.774  0.219   2015 0.3541  4.898  0.000  

2006 0.1340  1.965  0.025   2016 0.3140  4.367  0.000  

2007 0.1539  2.232  0.013   2017 0.3821  5.275  0.000  

2008 0.1818  2.604  0.005   2018 0.2792  3.904  0.000  

Global Moran's I values do not reflect the spatial association characteristics of a 
particular region, and so, the local Moran’s I value is used to explore the local clus-
tering characteristics of agricultural eco-efficiency at five time periods: 1999, 2004, 
2009, 2014, and 2018. According to the LISA agglomeration diagram (as shown in 
Figure 5), the local spatial correlation in Jiangsu’s agricultural eco-efficiency shows 
the following characteristics: (1) The overall agricultural eco-efficiency presented a 
significant phenomenon of High-High and Low-Low spatial clusters, with the 
High-High type accounting for 32.47%, and the Low-Low type accounting for 
35.06%. The rest (High-Low and Low-High agglomeration regions) only accounted 
for 32.47%. (2) The spatial association pattern in regional agricultural eco-efficiency 
exhibited pronounced spatial variability. The High-High agglomeration regions 
showed significant spatial changes, with the initial clustering in the border regions 
of Wuxi, Nantong, and Suzhou city shifting to the districts of Nanjing and Taizhou 
city. The clustering then shifted towards the Suzhou-Wuxi-Changzhou region be-
fore expanding into high-level agricultural eco-efficiency areas of Xuzhou, Chang-
zhou, and Nanjing City. The Low-Low agglomeration regions exhibited noticeable 
contraction with an initial scattered distribution among inland counties and dis-
tricts of Xuzhou, Huai’an, and Nanjing City, shifting towards coastal counties and 
districts of Subei and Suzhong, especially in Yancheng and Nantong city and parts 
of Lianyungang and Suqian City. The High-Low and Low-High regions had unsta-
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ble spatial patterns; the number of High-Low regions decreased, while the 
Low-High regions clustered in the Ningzhen Yang Hilly mountain area. 

 

 

Figure 5. Spatial association pattern of regional agricultural eco-efficiency 

3.4. Spatial decomposition and growth pattern of agricultural eco-efficiency 

The growth coordination between agricultural eco-efficiency, PTE, and SE was 
identified, mapped, and categorized in terms of growth type. As shown in Figure 6, 
the spatial geomean pattern of PTE is generally consistent with agricultural 
eco-efficiency, where high values are found in the north, and low values are at the 
south. Regions with relatively low PTE geomean were distributed in Subei, the 
coastal regions of Suzhong, and parts of the Ningzhen Yang Hilly region. For SE, 
the geomean value for each county and district was higher than the PTE, indicating 
that SE contributed significantly in promoting agricultural eco-efficiency. The SE 
exhibited high south and low north spatial pattern. Areas with high SE were found 
mainly in Sunan, the inland regions of Suzhong, and Huai’an city of Subei, while 
low SE Regions were clustered in the coastal and northern regions of Subei, partic-
ularly in Yancheng city. 

For the study period, areas with positive growth in TE, PTE, and SE accounted 
for 27.27% and were mainly situated in Xuzhou, Huai’an, Yangzhou, Nanjing, and 
Changzhou City. This suggests these regions’ positive agricultural eco-efficiency 
growth had been accompanied by the synergistic growth in EC and TC. Areas with 
negative TE, negative PTE, and positive SE, accounted for 22.08% and were mainly 
distributed in the Subei region. Areas with this growth combination had their ag-
ricultural eco-efficiency growth dragged down by the lag in PTE growth. Areas 
with negative TE, PTE, and SE comprised about 25.97% and were concentrated in 
the coastal regions of Suzhong and Sunan and along the Yangtze River region. In 
these regions, the negative agricultural eco-efficiency was caused by the deteriora-
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tion in PTE and SE. The other growth types were relatively marginal and are scat-
tered throughout the entire province.    

 

Figure 6. The geomean and growth type of between agricultural eco-efficiency, PTE, and SE 

3.5. The sources for agricultural eco-efficiency loss in Jiangsu province 

For the non-effective DEA unit, the results show that the input-output alloca-
tion had not reached the optimal level. The redundancy analysis of input factors 
can identify the reasons for agricultural eco-efficiency loss in Jiangsu province and 
clarify the potential for increasing agricultural eco-efficiency. According to the SBM 
model, when p*<1, sି , s୥ , and sୠ  can reflect the redundancy of agricultural 
eco-efficiency. To calculate the input-output redundancy rate in each county or 
district, the redundancy value of each input indicator and undesirable output in-
dicator is divide by each input indicator and undesirable output indicator. For 
analysis, the input-output redundancy rate can be subdivided into three categories: 
low value (0-20%), moderate value (20-35%), and high value (>35%). The number 
and proportion of counties and districts for each indicator are shown in Table 3. 

Table 3. The number and proportion of counties and districts at different intervals of indicators 

Type 
Low Value Moderate Value High Value 

Number Proportion (%) Number Proportion (%) Number Proportion (%) 

x1 24 31.17 34 44.16 19 24.68 

x2 19 24.68 35 45.45 23 29.87 

x3 16 20.78 24 31.17 37 48.05 

x4 14 18.18 26 33.77 37 48.05 

x5 9 11.69 15 19.48 53 68.83 

x6 28 36.36 30 38.96 19 24.68 

x7 11 14.29 12 15.58 54 70.13 

x8 15 19.48 20 25.97 42 54.55 

z1 9 11.69 16 20.78 52 67.53 
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As shown in Table 2, the loss of agricultural eco-efficiency in most counties and 
districts resulted from the excessive use of pesticide (x5), chemical fertilizer (x7), 
diesel (x8), labor (x3), land (x4), and agricultural carbon emissions (z1). In particu-
lar, the number of counties and districts with high values of pesticide (x5) and 
chemical fertilizer (x7) use was 53 and 54, equivalent to 68.83% and 70.13%. This 
means that about 68% of all counties and districts should reduce their agricultural 
pesticide and chemical fertilizer usage by at least 35%. Similar conclusions are ap-
plicable for x8, x3, and x4. In terms of the undesirable output (z1), 67.53% of all 
counties and districts were found to have high input-output redundancy rates. 
Since part of agricultural carbon emissions result from chemical fertilizer (x5), pes-
ticide (x7), diesel (x8), and arable land (x4), excessive usage of agricultural chemi-
cals and extensive farming techniques are significant factors influencing the agri-
cultural eco-efficiency. Similarly, x2 exerted considerable effects on agricultural 
eco-efficiency, while x6 (32) and x1 (28) only had minimal effect. 

ArcGIS 10.5 was then used to visualize the spatial difference of the reducible 
proportion for the different indicators. As shown in Figure 7, areas with high re-
ducible proportions were mainly situated in Subei, Suzhong, and the Ningzhen 
Yang Hilly region, while the majority of low reducible proportion counties and 
districts were clustered in the Taihu plain. For chemical fertilizer (x7), the spatial 
pattern exhibited distinct south low and north high distribution. Similar spatial 
pattern could be drawn for x3, x4, x5, and x8. Due to improvements in agricultural 
mechanization and the growth of production technology, the improvement capa-
bilities for x1, x2, and x6 were limited in most counties and districts.  

 

Figure 7.The improvement potential for agricultural ecological efficiency in Jiangsu province 1 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 April 2021                   doi:10.20944/preprints202104.0431.v1

https://doi.org/10.20944/preprints202104.0431.v1


 

 

The Moran’s I of agricultural eco-efficiency from 1999 to 2018 2 

Year Moran's I Z P  Year Moran's I Z P 

1999 0.3372  4.696  0.000   2009 0.1875  2.680  0.004  

2000 0.3301  4.598  0.000   2010 0.1834  2.626  0.004  

2001 0.3225  4.490  0.000   2011 0.2628  3.685  0.000  

2002 0.3306  4.598  0.000   2012 0.2590  3.633  0.000  

2003 0.0269  0.538  0.295   2013 0.3249  4.512  0.000  

2004 0.0174  0.410  0.341   2014 0.3403  4.713  0.000  

2005 0.0448  0.774  0.219   2015 0.3541  4.898  0.000  

2006 0.1340  1.965  0.025   2016 0.3140  4.367  0.000  

2007 0.1539  2.232  0.013   2017 0.3821  5.275  0.000  

2008 0.1818  2.604  0.005   2018 0.2792  3.904  0.000  

Global Moran's I values do not reflect the spatial association characteristics of a 3 

particular region, and so, the local Moran’s I value is used to explore the local clus-4 

tering characteristics of agricultural eco-efficiency at five time periods: 1999, 2004, 5 

2009, 2014, and 2018. According to the LISA agglomeration diagram (as shown in 6 

Figure 5), the local spatial correlation in Jiangsu’s agricultural eco-efficiency shows 7 

the following characteristics: (1) The overall agricultural eco-efficiency presented a 8 

significant phenomenon of High-High and Low-Low spatial clusters, with the 9 

High-High type accounting for 32.47%, and the Low-Low type accounting for 10 

35.06%. The rest (High-Low and Low-High agglomeration regions) only accounted 11 

for 32.47%. (2) The spatial association pattern in regional agricultural eco-efficiency 12 

exhibited pronounced spatial variability. The High-High agglomeration regions 13 

showed significant spatial changes, with the initial clustering in the border regions 14 

of Wuxi, Nantong, and Suzhou city shifting to the districts of Nanjing and Taizhou 15 

city. The clustering then shifted towards the Suzhou-Wuxi-Changzhou region be-16 

fore expanding into high-level agricultural eco-efficiency areas of Xuzhou, Chang-17 

zhou, and Nanjing City. The Low-Low agglomeration regions exhibited noticeable 18 

contraction with an initial scattered distribution among inland counties and dis-19 

tricts of Xuzhou, Huai’an, and Nanjing City, shifting towards coastal counties and 20 

districts of Subei and Suzhong, especially in Yancheng and Nantong city and parts 21 

of Lianyungang and Suqian City. The High-Low and Low-High regions had unsta-22 

ble spatial patterns; the number of High-Low regions decreased, while the 23 

Low-High regions clustered in the Ningzhen Yang Hilly mountain area. 24 

 25 
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 26 

Figure 5 Spatial association pattern of regional agricultural eco-efficiency 27 

3.4. Spatial decomposition and growth pattern of agricultural eco-efficiency 28 

The growth coordination between agricultural eco-efficiency, PTE, and SE was 29 

identified, mapped, and categorized in terms of growth type. As shown in Figure 6, 30 

the spatial geomean pattern of PTE is generally consistent with agricultural 31 

eco-efficiency, where high values are found in the north, and low values are at the 32 

south. Regions with relatively low PTE geomean were distributed in Subei, the 33 

coastal regions of Suzhong, and parts of the Ningzhen Yang Hilly region. For SE, 34 

the geomean value for each county and district was higher than the PTE, indicating 35 

that SE contributed significantly in promoting agricultural eco-efficiency. The SE 36 

exhibited high south and low north spatial pattern. Areas with high SE were found 37 

mainly in Sunan, the inland regions of Suzhong, and Huai’an city of Subei, while 38 

low SE Regions were clustered in the coastal and northern regions of Subei, partic-39 

ularly in Yancheng city. 40 

For the study period, areas with positive growth in TE, PTE, and SE accounted for 41 

27.27% and were mainly situated in Xuzhou, Huai’an, Yangzhou, Nanjing, and Changzhou 42 

City. This suggests these regions’ positive agricultural eco-efficiency growth had been ac-43 

companied by the synergistic growth in EC and TC. Areas with negative TE, negative PTE, 44 

and positive SE, accounted for 22.08% and were mainly distributed in the Subei region. 45 

Areas with this growth combination had their agricultural eco-efficiency growth dragged 46 

down by the lag in PTE growth. Areas with negative TE, PTE, and SE comprised about 47 

25.97% and were concentrated in the coastal regions of Suzhong and Sunan and along the 48 

Yangtze River region. In these regions, the negative agricultural eco-efficiency was caused 49 

by the deterioration in PTE and SE. The other growth types were relatively marginal and 50 

are scattered throughout the entire province.    51 
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 52 

Figure 6 The geomean and growth type of between agricultural eco-efficiency, PTE, and SE 53 

3.5. The sources for agricultural eco-efficiency loss in Jiangsu province 54 

For the non-effective DEA unit, the results show that the input-output allocation 55 

had not reached the optimal level. The redundancy analysis of input factors can identify 56 

the reasons for agricultural eco-efficiency loss in Jiangsu province and clarify the po-57 

tential for increasing agricultural eco-efficiency. According to the SBM model, when 58 

p*<1, sି, s୥, and sୠ can reflect the redundancy of agricultural eco-efficiency. To 59 

calculate the input-output redundancy rate in each county or district, the redundancy 60 

value of each input indicator and undesirable output indicator is divide by each input 61 

indicator and undesirable output indicator. For analysis, the input-output redundancy 62 

rate can be subdivided into three categories: low value (0-20%), moderate value 63 

(20-35%), and high value (>35%). The number and proportion of counties and districts 64 

for each indicator are shown in Table 3. 65 

Table 3 The number and proportion of counties and districts at different intervals of indicators 66 

Type 
Low Value Moderate Value High Value 

Number Proportion (%) Number Proportion (%) Number Proportion (%) 

x1 24 31.17 34 44.16 19 24.68 

x2 19 24.68 35 45.45 23 29.87 

x3 16 20.78 24 31.17 37 48.05 

x4 14 18.18 26 33.77 37 48.05 

x5 9 11.69 15 19.48 53 68.83 

x6 28 36.36 30 38.96 19 24.68 

x7 11 14.29 12 15.58 54 70.13 

x8 15 19.48 20 25.97 42 54.55 

z1 9 11.69 16 20.78 52 67.53 

As shown in Table 2, the loss of agricultural eco-efficiency in most counties and dis-67 

tricts resulted from the excessive use of pesticide (x5), chemical fertilizer (x7), diesel (x8), 68 
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labor (x3), land (x4), and agricultural carbon emissions (z1). In particular, the number of 69 

counties and districts with high values of pesticide (x5) and chemical fertilizer (x7) use was 70 

53 and 54, equivalent to 68.83% and 70.13%. This means that about 68% of all counties 71 

and districts should reduce their agricultural pesticide and chemical fertilizer usage by at 72 

least 35%. Similar conclusions are applicable for x8, x3, and x4. In terms of the undesirable 73 

output (z1), 67.53% of all counties and districts were found to have high input-output re-74 

dundancy rates. Since part of agricultural carbon emissions result from chemical fertilizer 75 

(x5), pesticide (x7), diesel (x8), and arable land (x4), excessive usage of agricultural chem-76 

icals and extensive farming techniques are significant factors influencing the agricultural 77 

eco-efficiency. Similarly, x2 exerted considerable effects on agricultural eco-efficiency, 78 

while x6 (32) and x1 (28) only had minimal effect. 79 

ArcGIS10.5 was then used to visualize the spatial difference of the reducible proportion 80 

for the different indicators. As shown in Figure 7, areas with high reducible proportions 81 

were mainly situated in Subei, Suzhong, and the Ningzhen Yang Hilly region, while the 82 

majority of low reducible proportion counties and districts were clustered in the Taihu plain. 83 

For chemical fertilizer (x7), the spatial pattern exhibited distinct south low and north high 84 

distribution. Similar spatial pattern could be drawn for x3, x4, x5, and x8. Due to improve-85 

ments in agricultural mechanization and the growth of production technology, the im-86 

provement capabilities for x1, x2, and x6 were limited in most counties and districts.  87 

 88 

Figure 7 The improvement potential for agricultural ecological efficiency in Jiangsu province 

4. Discussion 

The changing trends in agricultural eco-efficiency, PTE, and SE show that the slow 
growth of agricultural eco-efficiency in Jiangsu province for the past twenty years has 
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been caused by the negative growth in pure technical efficiency, resulting in the 
low-level conversion rate of green technology and unreasonable allocation of resources. 
Scale efficiency played an important role in promoting Jiangsu’s agricultural 
eco-efficiency. With the accelerating land-intensive degree in Jiangsu province, the scale 
effect of the labor, machinery, and chemical fertilizer inputs were brought into full play. 
This suggests that more attention should be given towards agricultural technological 
innovation and to the rational resource allocation to minimize the reduction of agricul-
tural eco-efficiency caused by the lag in pure technology efficiency.  

Jiangsu’s agricultural eco-efficiency suddenly dipped in 2003, related to the rise of 
the real estate industry that caused the expropriation of many agricultural lands. Since 
2004, agricultural eco-efficiency entered a new stage of rapid development, which re-
sulted from a series of policies issued by the Chinese government in support of agricul-
ture. Jiangsu was also able to adjust its agricultural structure and implement relevant 
fiscal policies to benefit farm operations. These actions contributed towards promoting 
the development of modern agriculture with high yield, high efficiency, ecology, and 
safety in Jiangsu province.  

The spatio-temporal patterns in geomean values, variation coefficients, and growth 
types indicate that the high south and low north spatial configuration is relatively con-
stant and cannot easily be changed. Besides, the significantly increasing global Moran’s I 
values indicate that the spatial clustering in agricultural eco-efficiency is intensifying. 
The results also show the spatial pattern of local High-High and Low-Low clusters be-
came more spatially concentrated. These results suggest that the spatial evolution pat-
tern of agricultural eco-efficiency has a relatively stable spatial dependence due to limi-
tations in environmental conditions and agricultural production technology.  

Given the dominance of planting in the agricultural sector in Jiangsu, the propor-
tion of planting output over the total agricultural output was over 50% during 
1999-2018. During the planting production process, large amounts of chemical fertilizer, 
pesticide, agricultural film, and other direct and indirect material input are expended, 
which consumes energy and causes environmental damage through greenhouse gas 
emissions, soil structure deterioration, and water quality degradation [5]. Excessive 
chemical fertilizer and pesticide use have been identified as primary pollution sources in 
agricultural production [47].  

At the same time, the spatial difference in the reducible proportion of input factors 
was found to be closely related to the regional economic disparity in Jiangsu. Sunan has 
a developed economy and a strong purchasing capacity for agricultural materials. Su-
zhong and Subei have been relatively rich in labor and land resources, and agriculture 
accounted for a large proportion of the local economy. The redundancy in various pro-
duction factors has been relatively high due to their extensive agricultural production 
mode. 

Given the low agricultural eco-efficiency, Jiangsu province needs to continue trans-
forming its agricultural operation mode as a strategic focus towards green agricultural 
development. The province also needs to accelerate in upgrading its agricultural tech-
nical level, improve the allocation efficiency of agricultural production factors, and 
promote the transformation of agricultural operation from high investment extensive 
type to intensive ecological type. All counties and districts should capitalize on their re-
gional advantages to develop their agricultural sector according to local conditions. Due 
to redundancies in the current input factor structure, farmer education and training 
should be strengthened, and incentive-based policies should be adopted that would 
change the traditional production mode and reduce the dependence on chemical ferti-
lizer and pesticide. The government should encourage adjustments in the agricultur-
al-industrial structure to enhance the absorption capacity of enterprises in integrating 
the rural labor force. The government should also increase the integration of rural arable 
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land and infrastructure construction and promote agricultural industrialization and 
mechanization to improve land utilization efficiency. 

There are several limitations in this study. The influencing factors of agricultural 
eco-efficiency were based on the analysis of input redundancy. However, eco-efficiency 
may also be influenced by socioeconomic and natural and ecological variables, such as 
urbanization rate, terrain, and the fragmentation degree of cultivated land. Future stud-
ies need to further explore and analyze how these factors may affect agricultural 
eco-efficiency.  
5.Conclusion 

This paper evaluated the agricultural eco-efficiency of 77 counties and districts in 
Jiangsu province from 1999 to 2018 using the non-radial and non-angular SBM model 
and analyzed its spatio-temporal evolution pattern and underlying reasons. The main 
conclusions are as follows: 

The overall agricultural eco-efficiency and its decomposition terms of pure tech-
nology efficiency and scale efficiency exhibited a downward fluctuation trend from 1999 
to 2018. The improvement of agricultural eco-efficiency in Jiangsu mainly depended on 
promoting scale efficiency, while pure technology efficiency made secondary contribu-
tions. The regional inequality in agricultural eco-efficiency among counties and districts 
has been widening, exhibiting strong positive spatial association. Thus, it is necessary to 
strengthen the research and development of agricultural production technology to im-
prove pure technical efficiency. 

The agricultural eco-efficiency in Jiangsu exhibited a “high south and low north” 
spatial pattern. High-level agricultural eco-efficiency areas could be found on the Taihu 
Plain in Sunan, while low-level agricultural eco-efficiency areas were distributed in the 
rugged hills and bordering counties and districts of Yancheng, Changzhou, Huai’an, 
Suqian, Xuzhou, and Lianyungang city. The spatial association pattern of agricultural 
eco-efficiency presented a spatial locking effect. The High-High areas had increasingly 
concentrated in the Suzhou-Wuxi-Changzhou region, while the Low-Low areas were 
mainly located in the coastal regions of Subei and Suzhong. The High-Low and 
Low-High areas were marginal in number and scattered all over the region. Moreover, 
the spatial pattern of PTE and SE demonstrated a “north high and south low” distribu-
tion.  

Excessive redundant use of pesticide, chemical fertilizer, agricultural diesel, labor, 
land, and agricultural carbon emission were the major factors influencing agricultural 
eco-efficiency in Jiangsu. Irrigation also significantly impacted agricultural 
eco-efficiency, while mechanical power and the agricultural film had minimal effect. The 
majority of counties and districts in Subei, Suzhong, and the Ningzhen Yang Hilly re-
gion should significantly reduce their use and dependence on chemical fertilizer, pesti-
cide, chemical fertilizer, agricultural diesel, labor, and land.  
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