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Abstract: In this study, an inventory analysis approach was used to investigate the intensity of agricultural non-point source pollution
(ANSP) and its spatial convergence at national and provincial levels in China from 1999 to 2017. On this basis, spatial factors affecting
ANSP were explored by constructing a spatial econometric model. The results indicate that: 1) The intensity of China’s ANSP emission
showed an overall upward trend and an obvious spatial difference, with the values being high in the eastern and central regions and relat-
ively low in the western region. 2) Significant spatial agglomeration was shown in China’s ANSP intensity, and the agglomeration ef-
fect was increasing gradually. 3) In the convergence analysis, a spatial lag model was found applicable for interpretation of the ANSP
intensity, with the convergence rate being accelerated after considering the spatial factors but slower than that of regional economic growth.
4) The spatial factors affecting the ANSP intensity are shown to be reduced by improving agricultural infrastructure investment, labor-
force quality, and crop production ratio, while the expansion of agricultural economy scale and precipitation and runoff have positive
impact on ANSP in the study region. However, agricultural research and development (R&D) investment showed no direct significant
effect on the ANSP intensity. Meanwhile, improving the quality of the labor force would significantly reduce the ANSP intensity in the
surrounding areas, while the precipitation and runoff would significantly increase the pollution of neighboring regions. This research has
laid a theoretical basis for formulation and optimization of ANSP prevention strategies in China and related regions.
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1　Introduction

Agricultural  non-point  source  pollution  (ANSP)  has
been a  long-term  research  hotspot  in  academia.  In  re-
cent  years,  with  the  rapid  development  of  agricultural
economy  and  the  increase  of  food  crop  production  for
12  successive  years,  China  has  become  a  large  user  of
pesticides and  fertilizers  among  the  developing  coun-

tries in the world (He, 2020). The consequences of inap-
propriate  behaviors  in  agricultural  production,  such  as
leaching of  pesticides  and  chemical  fertilizers,  excre-
tion of  livestock  and  aquaculture  industry,  and  the  dis-
ordered  discharge  of  rural  domestic  garbage,  not  only
gradually eroded  the  agricultural  ecological  environ-
ment,  but  also  had  a  huge  impact  on  food  security
(Wittman et al., 2017). This suggests the importance of
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effective ANSP prevention in the rapid growth of  agri-
cultural  economy  for  China’s  long-term  development.
Therefore,  more  research  efforts  are  being  devoted  to
the ANSP patterns and its reduction strategies.

However, it is a challenge to measure ANSP and un-
derstand the mechanism of its emission due to the com-
plexity in its formation, the uncertainty of emission dir-
ection and the difficulty  of  ANSP monitoring and con-
trol  (Zhang  et  al.,  2004; Collins  et  al.,  2016; Sidemo-
Holm  et  al.,  2018).  In  the  past  decade,  scholars  have
paid  intensive  attention  to  the  calculation  of  ANSP.  In
the related research, pollution source analysis is the fo-
cus of pollution calculation. Emergy and economic ana-
lyses  were  used  to  evaluate  the  agricultural  production
in Tongxiang region, including traditional rice monocul-
ture, integrated  farming,  and  non-grain  production  sys-
tems (Su et al., 2020). An integrated assessment system
including  the  modified  DRASTIC  model  (standing  for
Depth to the water table, Recharge, Aquifer media, Soil
media, Topography) was developed to evaluate the pol-
lution  caused  by  agricultural  system (Wu et  al.,  2020).
Energy dispersive X–ray fluorescence spectroscopy was
used  to  measure  the  concentration  levels  of  heavy
metals in soil samples in Turkey, which showed that Cr,
Ni, Zn, As, and Pb levels were highly influenced by ag-
ricultural  practices  (Baltas  et  al.,  2020).  The  SWAT
(Soil  and  Water  Assessment  Tool)  model  was  used  to
link between pollution input  in the upstream watershed
and  pollutant  load  response  at  the  watershed  outlet  to
identify  critical  source  areas  at  the  lake  basin  scale
(Shang et al., 2012). Equivalent standard pollution loads
method was used to  estimate  the amount  of  total  nitro-
gen  and  phosphorus  loss  from  agricultural  sources  in
Shandong  Province  (Gao  et  al.,  2010).  These  studies
have provided  effective  reference  for  ANSP  measure-
ment. However, due to late start of pollution research in
China  and  lack  of  extensive  and  long-term  monitoring
data, previous research is mostly concentrated on basin,
scales,  fixed  types  of  pollution,  on-site  investigations
and  regional  trials  in  the  measurement  process  (Hu  et
al.,  2015;Ma  et  al.,  2015; Lu  et  al.,  2017). Such  re-
search results can not significantly reflect the complex-
ity of pollution, resulting in deviations in ANSP explan-
ation  at  the  national  or  regional  level  and  thus  lack  of
proof for the formulation and implementation of policies
related to pollution prevention and control at this level.
The  inventory  analysis  method  is  applicable  to  a  large

research area. For on hand, the basic data of the invent-
ory  analysis  method  comes  from  public  statistics.  For
another  hand,  the  key  coefficients  of  analysis  methods
are mainly determined by the comprehensive research of
Department  of  Environmental  Science and Engineering
of Tsinghua  University  and  the  Provincial  data  of  Na-
tional First Pollutant Source Census Agricultural Source
Coefficient Manual. Specifically, the inventory analysis
method  measures  the  pollution  emission  unit  by  unit
through  establishing  the  response  relationship  between
agricultural  activities  and  pollution  discharges  (Ongley
et  al.,  2010).  When  compared  with  other  methods,  the
inventory  analysis  method  can  more  comprehensively
reflect the discharge of various types of ANSP, suggest-
ing its potential application value (Lai et al., 2004).

Currently, research attention has been focused on the
inventory analysis methods, such as quantitative analys-
is of ANSP in terms of spatial distribution, emission ef-
ficiency, impact mechanism, and ANSP prevention and
control  strategies,  as  well  as  the  relationship  of  ANSP
with the  level  of  economic  agglomeration  and  the  in-
ternal structure of agriculture (Ge and Zhou, 2011; Rao
et  al.,  2011; Pan  and  Ying,  2013; Qiu  et  al.,  2018).
However, few reports are available about the use of the
inventory  analysis  method  to  measure  China’s  ANSP
emission  and  further  explore  its  temporal  and  spatial
changes.  Most  previous  analyses  of  China’s  ANSP  at
the spatial level paid little attention to its long-term vari-
ation  law  or  its  convergence  characteristics,  which,
however, are  important  to  reflect  the  polarization,  im-
balance and spatial  distribution of  economic indicators.
Furthermore, they failed to consider the obvious cluster-
ing  development  characteristics  of  China’s  agricultural
economy and  non-point  source  pollution  at  the  dimen-
sional  level.  With  the  development  of  new  economic
geography and spatial analysis, the spatial econometrics,
which focuses on the potential spatial connection among
regional units,  could  solve  the  problem  inaccurate  es-
timation  of  marginal  effects  by  traditional  models  and
improve the measurement of evolution and judgment of
the  influencing  mechanism  of  the  ANSP  (Lesage  and
Pace, 2007). Therefore, the long-term variation law and
the  spatial  convergence  characteristic  of  the  ANSP
should be explored to further reveal the actual situation
and the influencing mechanism of the ANSP.

In view of this, this paper uses the inventory analysis
method  to  measure  the  ANSP  emission  intensity  of
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China  and  its  provincial  units  from  1999  to  2017,  and
analyzes its spatial convergence characteristics. Further-
more,  a  spatial  econometric  model  is  constructed  to
study the factors influencing ANSP. Finally,  the evolu-
tion law of ANSP in China is explored. The aim is to ac-
curately  evaluate  the  level  of  ANSP emission  intensity
of China, clarify its impact mechanism, and provide the
basis for the formulation and optimization of ANSP pre-
vention strategies in China. 

2　Materials and Methods
 

2.1　Methods 

2.1.1　 Calculation  of  agricultural  non-point  source
pollution
The intensity of ANSP can reflect the degree of agricul-
tural pollution accumulation per unit land area, suggest-
ing that it can be used to represent the level of regional
ANSP  (Li  et  al.,  2017a).  The  research  has  shown  that
ANSP  can  be  calculated  by  inventory  analysis  method
using  the  main  pollution-producing  units  shown  in
Table  1 (Chen et  al.,  2006).  As is  shown in Fig.  1,  the
pollution-producing units  use  precipitation  as  the  carri-
er, enter  the  water  network  through the  process  of  sur-
face runoff and underground infiltration, and cause agri-
cultural non-point source pollution (Wang, 2009).

The  ANSP  emission  intensity  can  be  calculated  by
the following formula:

y =E/Area =
q∑

m=1

ELmS m (1−ηm)Cm/Area =

q∑
m=1

PEm (1−ηm)Cm/Area

(1)

where y represents the intensity of ANSP (kg/ha); E, the
total emission of ANSP (kg); Area, the area of agricul-
tural  land,  (ha). q,  the  number  of  pollution-producing

units; ELm, the pollution-producing unit of different cat-
egories; m,  the pollutant  production unit; Sm, the pollu-
tion intensity coefficient of unit m; ηm, the coefficient of
regional resource utilization and management of unit m;
Cm,  the emission coefficient of unit m after considering
regional  resource  utilization  and  management  factors.
Among them, the pollution intensity and emission coef-
ficient  are  determined  by  the  comprehensive  effects  of
regional environment,  resource  utilization  and manage-
ment  characteristics,  according  to  the  comprehensive
‘National  First  Pollution  Source  Survey  Agricultural
Source Coefficient Manual’ and correlation coefficients
of  studies  by  Liang  and  Ma, etc.  (Liang,  2009; Ma,
2013). PEm is  the product  of ELm and Sm, which indic-
ates  the  potential  pollution  of  each  pollution-producing
unit when the external factors are ignored. 

2.1.2　 Spatial  dependence  test  of  agricultural  non-
point source pollution emission intensity
Spatial  dependence  test  is  one  of  the  preconditions  for
spatial analysis of ANSP. It can be divided into two cat-
egories: global spatial dependence test and local spatial
dependence test.

Specifically,  the  global  spatial  dependence  test  is
used to analyze the spatial dependence of the overall re-
gional system. In this study, we use the Moran’s I index
for testing as shown by the following formula (Anselin,
1988):

I =

n
n∑

i=1

n∑
j,1

Wi j (yi− y)
(
y j− y

)
n∑

i=1

n∑
j,1

Wi j

n∑
i=1

(yi− y)2

(2)

y

where I,  is  the  Moran’s I of  the  intensity  of  ANSP; yi
and yj are the intensity of ANSP of the adjacent regions
i and j,  respectively; , the average of intensity of AN-
SP; Wij, the spatial weight matrix; n, the statistics of the

 
Table 1    Pollution-producing units in agricultural non-point source pollution
 

Category Pollution unit Index Pollution list Source

Agricultural solid waste Rice, wheat, corn, bean, potato, oilseed, sugar,
cotton, hemp, vegetable, melon, tobacco

Total output TN, TP, CODCr Liang, 2009; Ma, 2013

Chemical fertilizer Nitrogen fertilizer, phosphate fertilizer, compound fertilizer Pure application rate TN, TP Lai et al., 2004; Liang, 2009

Livestock and poultry Cow, sheep, pig, poultry Inventory TN, TP, CODCr Survey Reporta

Aquaculture Freshwater products, marine products Volume TN, TP, CODCr Survey Reporta

Rural life Rural population Yield TN, TP, CODCr Liang, 2009; Ma, 2013

Notes: a Survey report from The First National Pollution Source Census Data Collection
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study region. The value of I ranges from –1 to 1. When I
is  close  to  1, y exhibits  a  positive  overflow  effect  in
space; when I is close to 0, y is spatially independent of
each other; when I is close to –1, y is spatially adjacent to
each other.  Since the choice of spatial  weight matrix is
exogenous, this  paper  investigates  the  spatial  depend-
ence of  ANSP emission  intensity  in  China  by  combin-
ing  Rook  Contiguity  weights  (r), K-Nearest  Neighbors
weight (k) and Euclidean Distance weight (d) according
to  the  research  of Anselin  (1988).  Rook  Contiguity
weights used only common boundaries to define neigh-
bors, and r1, r2, r3 are used to investigate different order
weights.

The significance level of Moran’s I can be tested by Z
in the following formula:

Z =
I−E (I)
√

VAR (I)
(3)

Where  E(I)  and  VAR(I)  are  the  expected  values  and
variances  of  Moran’s I,  respectively.  When  |Z|  >  1.96,
the spatial characteristics are verified to be significant.

Furthermore,  the  Moran  scatter  plot  of  local  spatial
dependence test  was used to analyze whether there is a
‘club’ spatial  association  of  ANSP.  The  research  unit
located in  the  first  quadrant  of  the  scatter  plot  repres-
ents  the  situation  of  (high,  high).  The  second  quadrant
represents the  situation  of  (low,  high),  the  third  quad-
rant represents the situation of (low, low), and the fourth
quadrant represents the situation of (high, low) (Herreri-
as et al., 2013). 

2.1.3　Convergence analysis of agricultural non-point
source pollution emission intensity
Convergence  analysis  can  be  divided  into  two  parts: α
convergence  and β convergence.  The  former  refers  to
the convergence of horizontal quantities, indicating that
the intensity gap of ANSP emissions in various regions
has  narrowed  over  time,  while  the  latter  refers  to  the
convergence  of  growth  rate.  When  the  growth  rate  is
higher in  the low pollution area than in the high pollu-
tion area at the initial period and tends to present a com-

mon  equilibrium  state,  the  absolute β convergence ex-
ists;  when  the  regional  characteristics  are  considered,
and the pollution in a region tends to be in its own stable
state,  the  conditional β convergence  exists.  Only  when
the β convergence  exists,  high-value  areas  and  low-
value areas tend to be in a common steady state. There-
fore, β convergence is the premise of α convergence. In
β-convergence  analysis,  the  benchmark  for  absolute β-
convergence  comparison  is  based  on  the  pollution
growth rate  in  other  regions,  while  the  comparison cri-
terion  for  conditional β convergence  is  the  equilibrium
state  of  pollution growth rate  in  their  own region.  This
paper focuses on the analysis of absolute β convergence,
with a purpose to investigate the pollution growth trends
in different regions.

The  absolute β convergence  can  be  measured  by  the
classical  or  spatial  measurement  methods  developed
based on the neoclassical growth model of Barro (Barro
and  Sala-i-Martin,  1992). Later,  scholars  found  the  de-
fects in the classical  measurement methods at  the tech-
nical  level.  For  example,  the  macroeconomic  research
failed to consider  the interaction of  economic activities
in  different  regions,  thus  neglecting  the  role  of  spatial
elements in  convergence and leading to  bias  in  estima-
tion  results.  In  this  research,  a  spatial  measurement
method is used to investigate the convergence mechan-
ism of ANSP intensity in China, followed by comparis-
on  of  its  results  with  those  of  classical  measurement
methods (standard convergence analysis, hereafter).

According to Bernard (Bernard and Jones, 1996), the
standard convergence analysis model can be established
as follows:
(1/T )∆ lnyiT = α0+α1× ln(yt)+u (4)

∆ln (yiT )

κ = − (1/T ) ln (1+α1)

τ = (ln1/2)/ln (1− κ)

where, i indicates the province, municipality or autonom-
ous  region, u represents  the  error  term,  and  is
the  growth  rate  of  the  ANSP  emission  intensity  of  the
province i during the T period after taking the logarithm.
The  convergence  coefficient α0 and α1 can  be  used  for
calculation  of  convergence  rate κ and  the  convergence
half life cycle to the steady-state value τ.  Among them,
the  convergence  speed  is ,  and  if
α1 < 0 and passes the significance test, the absolute con-
vergence exists.  The time span T in  this  paper  is  set  to
1  year,  and  the  half  life  cycle  of  convergence  to  the
steady state value is .

However,  the  standard  convergence  model  does  not
consider the spatial effect and cannot reveal the effect of

 

Chemical fertilizer

Agricultural solid waste

Livestock and poultry
Purification tank Soil

Surface water/groundwater Water network
Rural life

Aquaculture

Fig.  1    Accounting  framework  of  the  agricultural  non-point
source pollution
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economic activities  in  adjacent  areas  on  the  conver-
gence  mechanism of  ANSP intensity.  According  to  the
theory  of  space  economy,  dependence  and  difference
between adjacent  regions  should  be  considered  in  eco-
nomic  activities  and  they  can  be  evaluated  using  the
Spatial  Lag  Model  (SLM)  and  Spatial  Error  Model
(SEM)  (Lesage  and  Pace,  2007).  Correspondingly,  the
spatial  measurement  of  absolute β convergence  can  be
set as follows:

(1/T )∆ lnyiT = α0+α1 · ln(yt)+ρW[(1/T )∆ lnyiT ]+ ν
ν = λWν+ε
ε : N(0,σ2In)

(5)

ε : N(0,σ2In)

where, W is a spatial weight matrix; ν and ε, error vec-
tors; ρ,  the  spatial  lag  coefficient; λ,  the  spatial  error
coefficient, y, T, and α share the same definition of for-
mula  (4).  indicates  that ε is  considered  to
obey the  Gaussian distribution.  When ρ =  0  and λ =  0,
the  model  is  set  to  the  standard  convergence  model;
when ρ ≠  0  and λ =  0,  the  model  is  set  to  SLM; when
ρ = 0 and λ ≠ 0, the model is set to SEM; If ρ and λ ≠ 0
at the same time, the space factor should be considered.
In  the  model  test  process,  the  Moran’s I value  of  the
model residual is a preliminary criterion for discriminat-
ing the model type. If the residual of the spatial regres-
sion  model  is  significantly  auto-correlated,  the  model
cannot  well  reflect  the  spatial  correlation,  and  LM  test
should be further used to analyze whether the spatial lag
term or the spatial error term exists. If the LM test res-
ults pass the 5% significant level, the sample should be
analyzed by using the spatial measurement model. 

2.1.4　Spatial effect measurement of agricultural non-
point source pollution intensity
(1) Spatial measurement model
The spatial effect model was used to analyze the spatial
effects of various factors on the ANSP intensity. Spatial
interactions  can  generally  be  characterized  in  three
forms: Spatial Durbin Model (SDM), SLM and SEM. In
this  study,  the  sample  is  first  assumed  to  fit  the  SDM
model as follows:
Y = ρWY +βX+ θWX+ε (6)

where Y is the ANSP intensity; WY, the hysteresis term
of Y; X, the explanatory variable of Y; n, the number of
research  units; ε,  the  random error  term; W,  the  spatial
distance  weight  matrix  (Lesage  and  Pace,  2007); β, ρ
and θ, the spatial regression coefficients, respectively.

H0
1 : θ = 0

H0
2 : θ+ρθ = 0

The  validity  of  model  setting  is  evaluated  by  using
the LM test to determine whether a spatial lag term and
a spatial error term exist. If the LM-test result passes the
test at a significance level of 5%, then Wald-test and LR-
Test are used to determine if SDM is applicable. When

,  formula  (6)  is  simplified  to  SLM;  when
, formula (6) is simplified to SEM; if the

null hypothesis is rejected, SDM estimation needs to be
further performed.

Due to the introduction of the spatial distance weight
matrix,  the  regression  coefficients  in  the  model  cannot
directly  reflect  the  influence  of  various  factors  on  the
ANSP intensity. Thus, the total effect,  direct effect and
indirect  effect  of  each  explanatory  variable  need  to  be
further  calculated by using the formulas rewritten from
formula (6) according to the research of Lesage (Lesage
et al., 2007).

(2) Variable description
According to  relevant  research,  the  intensity  of  AN-

SP can  be  affected  by  factors  such  as  agricultural  eco-
nomic scale,  agricultural  internal  structure,  precipita-
tion and runoff, rural infrastructure investment, agricul-
tural research and development (R&D) investment, and
labor-force quality (Ge and Zhou, 2011; Liu et al., 2013;
Lu et al.,  2018). In this study, these previously verified
influencing factors are introduced into the model as ex-
planatory variables for empirical  research of the spatial
effects of factors on ANSP and these influencing factors
are presented in Table 2. 

2.2　Data sources
The research area of this paper is China’s 31 provinces
(municipalities,  autonomous  regions,  excluding  Hong
Kong,  Macau  and  Taiwan).  The  study  period  is  from
1999 to 2017. The data used in this paper are mainly ob-
tained  from  China  Statistical  Yearbook  (NBS,  2000–
2019a),  China  Statistics  Yearbook  on  Environment
(NBS  and  MEE,  1998–2018),  China  Population  and
Employment  Statistics  Yearbook  (NBS,  2000–2019b),
China  Rural  Statistical  Yearbook  (NBS,  2000–2019c),
National Agricultural  Science  and  Technology  Statist-
ics Collection①, and statistics of various provinces, mu-
nicipalities and autonomous regions in China; precipita-
tion data and hydrological data are derived from the Na-
tional Climate Center of China National Meteorological
Administration  and  the  Data  Center  of  the  Ministry  of
Water Resources. The price data are converted to com-
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parable prices in 1999. 

3　Results and Analysis
 

3.1　 General  characteristics  of  agricultural  non-
point source pollution discharge
Based on the panel data of China’s 31 provinces, muni-
cipalities  and  autonomous  regions  (excluding  Hong
Kong, Macau and Taiwan) from 1999 to 2017, this pa-
per  uses  the  inventory  analysis  method  to  measure  the
ANSP  emission  intensity  and  the  results  are  shown  in
Table 3.

In Table 3, it is shown that: 1) from 1999 to 2017, the
ANSP intensity exhibits an upward trend, with its arith-
metic  mean  increased  from  134.55  kg/ha  in  1999  to
139.74 kg/ha in  2017.  2)  The  ANSP emission  intensity
varies  in  different  provinces  and  cities  in  each  period.
From 1999 to 2007, the ANSP emission intensity shows
a decrease in most provinces and cities, followed by an
increase from 2007 to 2013 and a decrease from 2013 to
2017. 3) The gap in ANSP intensity has been narrowing
over time  in  various  provinces  and  cities.  The  differ-
ence  between  the  maximum  and  minimum  values  was
dropped  from  527.97  kg/hm2 in  1999  to  429.26  kg/ha
in  2017,  but  the  ANSP intensity  was  still  high  in  each
period. The distribution of high and low values is relat-
ively stable. The high values are mainly concentrated in
Shanghai, Tianjin, and Jiangsu while the low values are
mainly  distributed  in  Inner  Mongolia,  Qinghai,  and
Xinjiang,  indicating  the  potential  connection  of  ANSP
with economic-geographic spatial distribution. From the
perspective of the temporal and spatial changes, the up-
ward trend of the ANSP and the different values of spa-
tial distribution pattern are basically consistent with the
previous studies (Chen et al., 2006; Liang, 2009; Qiu et
al., 2018). 

3.2　Spatial autocorrelation test of agricultural non-
point source pollution emission intensity 

3.2.1　Global spatial autocorrelation test
The  global  spatial  autocorrelation  results  are  shown  in
Table  4 and  three  tendencies  are  obtained  as  follows:
1)  China’s  ANSP intensity shows a significant  positive
spatial  dependence.  Most  of  the  Moran’s I values  are
positive and have passed the 5% significance test, indic-
ating  that  the  ANSP  intensity  is  positively  correlated
between adjacent areas, and changes of this intensity in
neighboring provinces will affect the ANSP in the study
province, leading to changes in emission intensity. 2) The
spatial  dependence of  China’s  ANSP intensity  shows a
gradual increasing trend in the time dimension. Regard-
less  of  the  adjacency  relationship,  the  Moran’s I index
basically shows a trend of ‘decline-rise-fall’. 3) The spa-
tial dependence of China’s ANSP intensity is gradually
weakened with  spatial  expansion  with  the  highest  spa-
tial  positive  correlation  for r1.  Under  the  ‘adjacent
neighbor  relationship’, the  spatial  dependence  is  signi-
ficant for r2. However, the degree of dependence is sig-
nificantly weakened and r3 shows no statistically signi-
ficant spatial dependence. 

3.2.2　Local spatial autocorrelation analysis
Fig.  2 shows  the  local  indicators  of  spatial  association
(LISA)  cluster  for  China’s  ANSP intensity  of  China  in
1999 and 2017. In 1999, 10 provinces and autonomous
regions were shown to have passed the significant level
test, including 3 (high, high), namely Jiangsu, Zhejiang
and  Anhui,  and  7  (low,  low),  namely  Inner  Mongolia,
Ningxia, Qinghai, Xinjiang, Tibet, Sichuan, and Gansu.
In  2017,  the  local  spatial  pattern  changed  slightly.
Among  the  provinces  and  autonomous  regions  that
passed  the  significance  level  test,  Anhui  was  excluded
from  the  list  (high,  high)  and  Shaanxi  was  included  in
the list  (low, low) compared in 1999. Collectively,  two

 
Table 2    Variable description of spatial effect measurement of the intensity of ANSP
 

Variables Code Description

Agricultural economy scale ECO Added value of agriculture, forestry, animal husbandry and fishery / 10 000 yuan RMB

Agricultural internal structure AS
The proportion of the output value of crop production in the total output value of agriculture,
forestry, animal husbandry and fishery / %

Precipitation and runoff RUN
The runoff coefficient method (He et al., 2001) is used to calculate the precipitation data and runoff data from
1980 to 2000 and the annual average precipitation of each observation site from 1999 to 2017 / m3

Rural infrastructure investment INV Number of rural hydropower stations

Agricultural R&D investment RD Agricultural R&D investment stock (Li et al., 2017b) / 10 000 yuan

Labor-force quality EDU Proportion of labor with rural high school and above education / %
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stable ‘clubs’ were formed in China for ANSP intensity,
the  low-intensity  club  in  the  northwest  region  and  the
high-intensity club in the eastern coast.

Based  on  the  above  analysis,  the  overall  spatial  and
local  spatial  dependence  of  China’s  ANSP  intensity  is
roughly  the  same,  with  the  main  form  being  the  local
‘club’ spillover.  But,  how does  this  spillover  influence
the interpretation of the intensity changes in agricultur-
al non-point  source  pollution?  This  question  was  fur-

ther investigated by performing spatial metrology analysis. 

3.3　Convergence characteristics of agricultural non-
point source pollution discharge
The spatial measurement model was used to analyze the
convergence  intensity  of  ANSP in  China  from 1999  to
2017,  and  the  results  of  standard  convergence  model
analysis  were  also  listed  for  comparison.  According  to
Anselin’s  research (Anselin,  1988),  the residuals  of  the

 
Table 3    Agricultural non-point source pollution intensity in China from 1999 to 2017/(kg/ha)
 

Area 1999 2003 2007 2011 2015 2017 Average

Beijing 184.80 224.09 175.29 157.65 129.34 114.52 174.96

Tianjin 221.54 346.29 292.74 316.20 329.25 304.48 316.61

Hebei 193.46 207.24 170.83 161.05 176.13 148.82 182.79

Shanxi 53.58 51.69 41.33 40.67 42.31 37.80 46.30

Inner Mongolia 7.12 7.89 10.01 11.00 13.45 14.69 10.37

Liaoning 148.76 175.75 179.98 202.16 221.15 231.01 193.34

Jilin 54.70 60.10 63.88 53.96 65.46 63.63 60.76

Heilongjiang 22.91 25.24 25.85 28.91 27.77 29.24 26.51

Shanghai 535.09 528.65 431.01 430.91 460.24 412.40 474.86

Jiangsu 266.03 297.59 300.86 317.90 327.52 350.91 311.31

Zhejiang 192.55 210.21 186.08 194.22 209.68 217.08 201.34

Anhui 168.22 161.12 128.29 142.62 140.79 134.11 148.43

Fujian 175.76 189.64 171.24 186.39 217.95 198.06 190.72

Jiangxi 94.10 96.29 90.93 110.19 112.03 118.55 103.05

Shandong 454.60 419.39 403.17 417.04 453.54 438.89 427.70

Henan 274.11 289.35 265.35 287.12 270.21 265.41 283.28

Hubei 124.61 132.88 126.39 149.02 141.22 151.75 138.62

Hunan 139.73 153.35 126.90 138.56 141.77 131.84 142.38

Guangdong 201.78 213.70 199.57 218.94 225.06 225.31 216.66

Guangxi 122.34 121.06 108.52 126.96 113.89 115.93 120.85

Hainan 123.87 180.28 166.21 193.06 216.74 198.92 184.11

Chongqing 91.38 85.48 75.35 83.07 83.23 83.52 84.99

Sichuan 66.34 69.10 66.57 70.04 69.62 70.71 69.75

Guizhou 67.70 72.44 62.04 63.31 65.47 57.35 67.48

Yunnan 43.33 44.04 44.82 49.90 49.49 50.87 47.14

Tibet 9.02 10.42 10.96 10.78 9.61 9.63 10.33

Shaanxi 38.43 41.86 38.01 39.26 39.54 39.47 40.01

Gansu 23.82 24.22 25.15 26.60 36.52 38.65 28.61

Qinghai 12.49 13.76 14.84 15.07 14.62 15.03 14.31

Ningxia 48.38 51.93 59.92 44.59 52.55 50.26 53.99

Xinjiang 10.46 12.78 11.36 11.26 16.97 13.16 12.49

China 134.55 145.74 131.40 138.66 144.29 139.74 141.42

Notes: Due to space limitations, only the results of six years are shown in this paper. Data are excluding Hong Kong, Macau and Taiwan
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model without considering spatial factors were tested by
using  the  Moran’s I index  and  the  optimal  model  was
determined by LM test to obtain the simplified formula
(6). In Table 5, it can be seen that the Moran’s I index of

the regression residual of the ANSP intensity is signific-
ant  in  the  standard  convergence  model,  indicating  that
the spatial  factors should be considered in convergence
analysis.  In  the  spatial  error  model  (SEM),  the  error

 
Table 4    Global Moran’s I Index of agricultural non-point source pollution emission intensity in China from 1999 to 2017
 

Year r1 r2 r3 d k4

1999 0.4971 0.2605 –0.0079 0.2274 0.4269

2000 0.5064 0.2605 –0.0050 0.2367 0.4210

2001 0.5037 0.2594 –0.0050 0.2334 0.4194

2002 0.4526 0.2274 –0.0086 0.2142 0.3734

2003 0.5356 0.2702 –0.0268 0.2452 0.4351

2004 0.5999 0.2912 –0.0851 0.2563 0.4648

2005 0.5208 0.2679 –0.0408 0.2343 0.4201

2006 0.5133 0.2638 –0.0434 0.2278 0.4101

2007 0.5295 0.2719 –0.0301 0.2317 0.4365

2008 0.5171 0.2706 –0.0223 0.2292 0.4232

2009 0.5049 0.2744 –0.0292 0.2239 0.4120

2010 0.5174 0.2808 –0.0377 0.2308 0.4198

2011 0.5175 0.2876 –0.0379 0.2312 0.4256

2012 0.5229 0.2837 –0.0380 0.2291 0.4376

2013 0.5103 0.2855 –0.0379 0.2274 0.4319

2014 0.4978 0.2840 –0.0249 0.2237 0.4280

2015 0.4922 0.2849 –0.0262 0.2216 0.4237

2016 0.5053 0.2875 –0.0302 0.2210 0.4288

2017 0.5096 0.2884 –0.0344 0.2186 0.4310
Notes: r, d and k represent the spatial weight matrix of Rook Contiguity weights, Euclidean Distance weight and K-Nearest Neighbors weight. Data are excluding
Hong Kong, Macau and Taiwan
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Fig. 2    Local Indicators of Spatial Association (LISA) cluster for China’s agricultural non-point source pollution intensity in 1999 (a)
and 2017 (b); data excluding Hong Kong, Macau and Taiwan
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coefficient λ is not significant, and the residual Moran’s
I index passes the spatial correlation test,  implying that
SEM does not  conform to the basic assumptions of the
spatial  model.  Besides,  the  estimated  coefficients  of
SLM are  all  significant,  and the ρ value  is  not  0  under
the significant  test,  indicating  that  the  spatial  correla-
tion of the error term u is reasonable in the assumption
model.  Meanwhile,  the  Moran’s I index of  SLM resid-
ual is not significant, indicating that the residual term of
the spatial lag model does not have a spatial correlation
and SLM can reflect the authenticity of the spatial con-
vergence mechanism of ANSP. Furthermore, R2 is high-
er  in  SLM  than  in  other  models,  even  the  Robust  LM
values of each model did not pass the significance test,
and the  LM  value  was  highly  significant,  which  indic-
ate  that  the  spatial  correlation  of  the  residuals  may  be
derived  from  the  hysteresis  correlation.  Therefore,  the
SLM is defined as the optimal model setting.

Table  5 shows  the  absolute β convergence  results,
which can reflect the spatial lag correlation characterist-
ics of ANSP in China. It can be seen that the growth rate
of  regional  ANSP  intensity  is  not  only  affected  by  the
emission level of its initial period, but also by the initial
levels of surrounding areas. The α1 value is negative and
significant,  indicating  an  absolute  convergence  for  the
ANSP emission intensity under the effect of spatial hys-
teresis. At the same time, the spatial analysis revealed a
convergence  rate  of 0.0064,  indicating  an  increase  of
0.64%  versus 0.0060 from  the  ordinary  convergence
analysis.  The  convergence  half  life  cycle  is  shortened

from 115 yr to 108 yr, indicating the spatial factor plays
an obvious role in the change of ANSP intensity. Addi-
tionally,  a  comparison  with  the  convergence  cycle  of
China’s regional economic growth found that the semi-
life  cycle  of  ANSP  convergence  is  longer  than  that  of
the economic growth, which was assumed to be 87 yr by
Pan  (2010).  Collectively,  in  China,  the  average  rate  is
lower in shortening the gap between low-emission areas
and high-emission areas in ANSP intensity than in that
between  underdeveloped  areas  and  developed  areas  in
economic development. 

3.4　Factors affecting agricultural non-point source
pollution
Due  to  significant  geospatial  characteristics  of  China’s
agricultural development, the adjacent provinces in each
region  have  strong  convergence  at  agricultural  internal
structure and economic development level. The interac-
tion  of  labor,  capital  and  other  factors  in  space,  the
demonstration  role  of  the  agricultural  production  input
behavior  and  the  competition  behavior  between  local
governments have  also  caused  the  complexity  and  di-
versity in the factors affecting pollution emission. Since
no single  factor  can  fully  explain  the  spatial  character-
istics  of  ANSP emission  intensity  in  the  real  economic
society, spatial analysis has been used to study the influ-
encing factors of pollution in the present study. For in-
stance, the spatial dependent items of independent vari-
ables are incorporated into the spatial econometric mod-
el,  and  the  multi-collinearity  problem  of  variables  no

 
Table 5    Absolute β convergence results
 

Variables
Standard Convergence Model Spatial Lag Model Spatial Error Model

Coefficient P-value Coefficient P-value Coefficient P-value

α0 0.0344*** 0.0070 0.0332*** 0.0060 0.0366*** 0.0030

α1 –0.0060** 0.0260 –0.0064** 0.0160 –0.0067*** 0.0100

ρ 0.2933*** 0.0000 0.2984*** 0.0000

λ

R2 0.1231 0.1282 0.1231

Moran’s I index of model residuals 0.2400*** 0.0000 0.2390*** 0.0000

LM value of model residual 57.6630*** 0.0000 57.9770*** 0.0000

Robust LM value of model residual 0.0090 0.9230 0.3230 0.5700

Convergence speed 0.0060 0.0064 0.0067

Half life cycle 114.83 108.30 102.86

Notes: *** and ** respectively represent the significance level test by 1% and 5%; the estimated value of the failed test has been omitted. LM represents Lagrange
multiplier
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longer  becomes  a  misplaced  factor  in  the  model,  thus
overcoming the invalidity or bias of the traditional eco-
nometric model (Li et al, 2010).

Firstly, the Hausman Test rejected the assumption of
no  difference  between  fixed  and  random  effects,  and
random-effects model was fitted. As shown in Table 6,
the  LM  test  rejects  the  assumption  of  no  spatial  lag
terms and  spatial  error  terms  in  the  explanatory  vari-
ables at the 1% significance level, indicating that a spa-
tial measurement model should be established. Further-
more,  both  the  Wald  test  and  the  LR test  of  the  model
have passed the test of 1% significance level, indicating
that the SDM setting is suitable for the sample data. The
comparison  of R2 indicated  that  the  fitting  effect  of
SDM is improved versus that of OLS. In terms of vari-
able fitness, most variables are highly significant except
for the scale of agricultural economy, lagging precipita-
tion and  runoff,  lagging  agricultural  infrastructure  in-
vestment,  and  lagging  agricultural  R&D  investment.
The  spatial  autoregressive  coefficient ρ is  significantly
positive,  indicating  the  spatial  correlation  of  these  fa-
ctors  with  ANSP exists  in  31  provinces,  municipalities

and autonomous regions in China. Therefore, the extern-
al influencing factors on ANSP cannot be ignored in the
research.

Furthermore,  direct  and  indirect  effects  of  various
factors on  the  intensity  of  ANSP  discharge  were  ana-
lyzed  and  the  calculation  results  are  shown in Table  7.
In  the  estimation  of  the  direct  effect,  most  variables
have passed the test at the 5% level except for the vari-
able of agricultural R&D input. In the estimation of the
indirect  effect,  the  agricultural  population  size  and  the
labor-force  quality  have  both  passed  the  test  at  the  5%
level. 

3.4.1　Impact of the scale of agricultural economy
The  coefficients  for  direct,  indirect  and  total  effects  of
the agricultural economy scale are 0.1322, –0.0064 and
0.1259, respectively.  Consistent  with  the  general  as-
sumptions, the direct effect is a significant reflection of
the ANSP growth caused by the expansion of agricultur-
al economy. The indirect effect is negative but not signi-
ficant, indicating  that  the  agricultural  economic  devel-
opment is competitive between regions. With the expan-
sion of agricultural economy in the study region, a “si-

 
Table 6    Results of Spatial Durbin Model
 

Variables Coefficient Z value P value

lnECO 0.1324*** 8.38 0.000

AS –0.0592*** –3.72 0.000

lnRUN 0.1398** 2.94 0.003

lnINV 0.0279** 2.49 0.013

lnRD –0.0170*** –2.59 0.010

EDU –0.5216*** –2.93 0.003

W*lnECO –0.0303 –1.21 0.226

W*AS –0.6433** –2.55 0.011

W*lnRUN 0.0300 1.11 0.268

W*lnINV 0.0098 0.56 0.573

W*lnRD –0.0042 –0.42 0.671

W*EDU –0.6958** –2.07 0.038

ρ 0.2041*** 3.75 0.000

σ2 0.0061*** 16.17 0.000

R2 0.3581 Log-likelihood 591.57

Wald-lag 37.30*** Wald-error 27.34***

LR-lag 36.43*** LR-error 26.05***

Notes: ECO: Agricultural economy scale; AS: Agricultural internal structure; RUN: Precipitation and runoff; INV: Rural infrastructure investment; RD: Agricultural
R&D investment; EDU: Labor-force quality; W*: spatial lag term; ρ: parameter of spatial lag term; σ2: Sigma2; R2: coefficient of determination; LR-error:
likelihood ratio-error; LR-lag: likelihood ratio-lag; Wald-error: Wald error test; Wald-lag: Wald lag test. ***, ** and * respectively represent the significance level test
by 1%, 5% and 10%
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phon effect” can be easily produced in neighboring re-
gions, which  may  promote  the  flow  of  agricultural  re-
sources, and reduce agricultural chemical inputs in adja-
cent regions, but this negative effect is not obvious. 

3.4.2　Impact of the internal structure of agriculture
The  direct,  indirect  and  total  effect  coefficients  of  the
internal  structure  of  agriculture  are –0.0594, –0.0271
and –0.0865 respectively.  The  direct  effect  is  negative
and  significant,  indicating  a  negative  correlation  betw-
een  the  increase  in  the  proportion  of  planting  industry
and its  ANSP intensity in the region.  Generally,  with a
reduction in  the  proportion  of  ANSP-intensive  indus-
tries,  the  emission  intensity  will  be  relatively  reduced.
According to  the  agronomic  characteristics  in  the  agri-
cultural industry, an increase in the proportion of plant-
ing industry and a decline in the proportion of aquacul-
ture suggest a lower pollution intensity. The negative in-
direct  effect  indicates  that  an appropriate  adjustment  in
the  agriculture  internal  structure  would  promote  ANSP
reduction  in  neighboring  regions,  for  one  region  can
learn  from  other  regions  in  pollution  reduction  mode
and effectively enhance the pollution reduction effect in
agricultural restructuring. 

3.4.3　Impact of precipitation and runoff
The  coefficients  for  direct,  indirect  and  total  effects  of
precipitation  and  runoff  are  significantly  positive,  but
the total  effect  is  not  significant,  indicating that  the  in-
crease in precipitation will  not only increase the ANSP
emission intensity in the study region, but also produce
the same effects in adjacent areas. Precipitation and run-
off is one of the important natural factors affecting AN-
SP.  An  increase  of  precipitation  will  inevitably  lead  to
more serious soil erosion and intensify the nitrogen and
phosphorus pollution. These impacts also tend to spread
spatially due  to  the  fluidity  of  the  water,  but  the  infra-

structure  construction  for  farmland  water  conservancy
will  have  a  certain  role  in  promoting  the  intensity  of
pollution  mitigation.  Therefore,  the  positive  effects  of
precipitation  and  runoff  cannot  fully  reflect  the  overall
impact  of  this  variable  on  changes  in  non-point  source
pollution emissions. 

3.4.4　 Impact of  agricultural  infrastructure  invest-
ment
The direct,  indirect and total effect coefficients of rural
infrastructure  investment  are –0.0298, 0.0076 and
–0.0222, respectively. The direct effect of infrastructure
investment is negative and significant, indicating that it
has increased the capacity of agricultural production and
pollution control, thereby promoting the decline of AN-
SP  intensity  in  the  study  region.  The  indirect  effect  is
positive but not significant, indicating a positive correla-
tion between the  increase  of  rural  infrastructure  invest-
ment  in  the  study  region  and  the  intensity  of  ANSP in
neighboring regions.  The  rural  infrastructure  invest-
ment  at  the  provincial  level  has  a  competitive  effect,
leading to an increase in its scale. The regional agricul-
tural  production capacity  has  induced the accumulation
of  economic  factors  from  the  surrounding  areas  to  the
study region, giving rise to a certain negative impact on
the agricultural  infrastructure  investment  and  an  indir-
ect  increase  in  the  ANSP  intensity  in  the  surrounding
areas, but this effect is not strong. 

3.4.5　Impact of agricultural R&D inputs
The effects of agricultural R&D investment are not sig-
nificant,  indicating  its  limited  impact  on  the  regional
ANSP intensity. In fact, the effect of new technology in
environmental protection was neutral on the intensity of
agricultural pollution.  Though  higher  agricultural  tech-
nology and pollution prevention capabilities in econom-
ically  developed  regions,  their  high-consumption  and

 
Table 7    Regression decomposition results of total effect, direct effect and indirect effect
 

Variables
Direct effects Indirect effects Total effects

Coefficients Z-value Coefficients Z-value Coefficients Z-value

lnECO 0.1322*** 8.42 –0.0064 –0.27 0.1259*** 4.64

AS –0.0594*** –3.44 –0.0271 –0.71 –0.0865** –1.97

lnRUN 0.1596*** 3.01 0.0248** 1.98 0.1844 0.92

lnINV –0.0298** –2.31 0.0076 0.42 –0.0222** –2.15

lnRD –0.0167 –2.42 –0.0081 –0.67 –0.0248 –1.07

EDU –0.5505*** –2.95 –0.9171** –2.20 –1.4677*** –3.06
Notes: ECO: Agricultural economy scale; AS: Agricultural internal structure; RUN: Precipitation and runoff; INV: Rural infrastructure investment; RD: Agricultural
R&D investment; EDU: Labor-force quality. ***, ** and * respectively represent the significance level test by 1%, 5% and 10%
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high-emission growth  methods  have  not  been  com-
pletely changed.  This  is  one of  the reasons that  eastern
areas mostly top the ANSP list in China. 

3.4.6　Impact of the quality of workforce
The quality  of  labor  has  a  significant  and  negative  im-
pact  on  ANSP,  and  both  direct  and  indirect  effects  are
significantly negative.  The  negative  direct  effect  indic-
ates  that  the  improvement  of  labor-force  quality  in  the
study region  has  promoted  the  decline  of  its  ANSP in-
tensity.  Higher-quality  agricultural  workers  have  a
stronger sense of acquiring new knowledge, which con-
tribute  to  improving  agricultural  production  reduction
methods and reducing the environmental  damage beha-
vior  in  agricultural  production  processes.  The  indirect
effect of labor-force quality is negative and higher than
the  direct  effect,  indicating  ANSP  could  be  reduced
through improving labor-force quality, and good demon-
stration  effects  could  be  formed  among  regions.  The
study region can learn from the successful experience in
neighboring regions to improve the quality of agricultur-
al labor and achieve the agricultural development bene-
fits from reducing ANSP. 

4　Conclusions and Suggestions
 

4.1　Conclusions
Based on  the  results  from  this  research,  the  main  con-
clusions are summarized as follows.

(1)  The ANSP intensity  in  China  is  generally  on the
rise,  and  the  spatial  difference  is  obvious.  The  high
emission  intensity  is  concentrated  in  the  eastern  and
central regions and relatively low in the western region.

(2) Spatial autocorrelation analysis reveals a signific-
ant spatial agglomeration of ANSP intensity from 1999
to 2017 as well as a gradual increase in the degree of ag-
glomeration.  The  ANSP  intensity  is  highly  consistent
with  the  economic-geographical  distribution  pattern,
which  shows  a  higher  level  in  eastern  China  versus  a
lower level in western China.

(3)  The  convergence  analysis  of  ANSP  intensity  is
applicable  to  the  spatial  lag  model.  Compared with  the
convergence analysis  in  tradition  model,  the  conver-
gence  rate  was  accelerated  after  considering  the  spatial
factors, but slower than that of regional economic growth.

(4)  The  increase  in  infrastructure  investment,  labor-
force  quality  and  planting  industry  is  conducive  to  the
reduction of ANSP intensity in the region, while the ex-

pansion of agricultural economy scale and precipitation
runoff has a positive impact on ANSP. The direct effect
of agricultural  R&D  inputs  is  not  significant.  Mean-
while, improving the quality of labor force can also sig-
nificantly  reduce  the  ANSP intensity  in  adjacent  areas,
but  the  impact  of  precipitation  runoff  on  the  ANSP  of
adjacent areas is significant and positive. 

4.2　Suggestions
This  paper  explores  the  intensity  of  agricultural  non-
point source  pollution  (ANSP)  and  its  spatial  conver-
gence  at  national  and  provincial  levels  in  China  from
1999  to  2017,  and  reveals  spatial  factors  affecting  the
ANSP by  constructing  a  spatial  econometric  model.  In
an  effort  to  reduce  the  ANSP  intensity  in  China,  three
suggestions are proposed as follows:

(1) Agricultural pollution emissions have been show-
ing a varying upward trend in most provinces of China
since 1999,  indicating  that  there  are  still  some  ineffi-
ciencies and environmental losses in China’s agricultur-
al development, and there is a great space to reduce ag-
ricultural  pollution.  Therefore,  in  the  further  long-term
development, we should further reduce the use of pesti-
cides and chemical fertilizers, strengthen the prevention
and  control  of  agricultural  pollution,  accelerate  the
transformation of traditional agriculture to modern agri-
culture, and promote the sustainable development of ag-
riculture.

(2) The convergence rate of ANSP in China is lower
than that  of  regional  economic  growth,  due  to  its  con-
vergence  acceleration  induced  by  spatial  spillover
factors. Therefore, the transfer and diffusion of modern
agricultural technology should be accelerated to acceler-
ate  the  rate  of  convergence  of  ANSP  intensity  though
technology spillovers.  In  particular,  high-ANSP intens-
ity  areas  should  further  strengthen  the  education  and
training  of  workers  and  gradually  promote  the  overall
decline in the intensity of agricultural pollution.

(3) The influence of various factors on ANSP has ob-
vious spatial correlation characteristics. When formulat-
ing  agricultural  emission  reduction  policies,  the  spatial
interaction  between  various  influencing  factors  should
not be ignored. In order to reduce the ANSP intensity in
the region, it is important to optimize the agricultural in-
dustrial  structure,  upgrade  the  level  of  human  capital
and increase the infrastructure investment. On this basis,
the  regional  agricultural  economic  development  should
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be rationally designed to reduce competitive effect driv-
ing by the increasing of  agricultural  investment.  At  the
same time,  all  regions  should  further  enhance  ex-
changes and cooperation and strengthen the demonstra-
tion effect of ANSP reduction measures among regions.

Though  the  research  results  has  further  enhanced  by
exploring the spatial convergence characteristic and the
influencing mechanism of the ANSP, we are cautious in
claiming  any  causal  effect  between  the  influencing
factors and the  ANSP.  Further  research should  be  con-
ducted with county data and survey data of farmers from
the major agricultural producing areas.
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