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Abstract

Crop straw recycling as organic fertilizer is widely promoted in China to curb open burning and 
enhance nutrient cycling, yet its potential contribution to agricultural non-point source pollution 
remains insufficiently quantified. Using provincial panel data for 31 regions during 2017-2024, this 
study estimates pollution loads associated with crop straw fertilizer utilization, focusing on total 
nitrogen (TN), total phosphorus (TP), and chemical oxygen demand (COD). Nationally, TN, TP, and 
COD loads show a mild but persistent increase over the study period, with COD contributing the 
largest share. Dagum Gini decomposition indicates that interprovincial inequality is substantial and 
relatively stable, and that between-region differences account for most of the overall disparity, while 
within-region inequality is particularly pronounced in the eastern region. Kernel density estimation 
suggests a consistently right-skewed distribution, with most provinces remaining at low load levels but 
a small set of provinces forming a high-load tail that becomes slightly more prominent in recent years. 
Global Moran’s I is positive but statistically insignificant, implying weak nationwide spatial clustering; 
however, local indicators of spatial association reveal stable hotspot and coldspot provinces. Spatial 
Markov analysis further shows strong state persistence, while high-neighborhood contexts are associated 
with more active transitions between higher-load states. Policy implications emphasize integrated straw 
management and regionally differentiated control strategies.
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Introduction

China is a major producer of crop straw, contributing 
nearly 18% of global output annually [1]. For many years, 
limited utilization pathways led to widespread open-
field burning, causing both resource waste and severe 
air pollution [2]. From an environmental perspective, 
returning straw to farmland as organic fertilizer and 
promoting circular use of straw resources are important 
for improving the rural ecological environment [3]. 
Because straw contains substantial plant nutrients, its 
fertilizer utilization can partially substitute chemical 
fertilizers and reduce agricultural non-point source 
pollution at the source. Evidence suggests that if all 
usable nutrients in crop straw were used to replace 
chemical fertilizers, average nitrogen and phosphorus 
losses in Chinese agriculture could decrease by about 
55% and 65%, respectively [4]. Therefore, crop straw 
fertilizer utilization is highly relevant because it can 
simultaneously promote agricultural residue recycling 
and non-point source pollution mitigation.

The environmental effects of straw incorporation 
have been widely studied. Existing assessments show 
that straw return can improve soil fertility, increase 
crop yields, and help reduce nutrient-loss-related 
environmental pollution [5]. Field experiments also 
indicate that long-term straw incorporation can reduce 
nitrogen losses in farmland runoff. For example, in 
rice-based systems, long-term straw return reduced 
total nitrogen losses in surface runoff by 2.3%-26.1%, 
mainly by increasing soil organic matter and nutrient 
retention, thereby reducing inorganic nitrogen loss [6]. 
Nutrients released during straw decomposition can also 
be reabsorbed by crops, reducing fertilizer demand and 
the risk of nutrient surplus. Wang et al. emphasized that 
straw return has become an important substitute source 
of fertilizer nutrients, and many empirical studies 
show that it can reduce both chemical fertilizer use 
and soil nutrient loss risk [7]. Overall, well-managed 
crop straw fertilizer utilization is widely regarded as 
an environmentally friendly agronomic practice that 
improves soil fertility while lowering non-point source 
pollution loads.

Agricultural non-point source pollution has 
long threatened China’s water environment, and its 
spatiotemporal dynamics have attracted growing 
attention. Xu et al. reported that about 40% of major 
pollutants in Chinese waters originate from agricultural 
non-point sources, and that emissions of COD, TN, 
and TP have reached several million tons with an 
upward trend [8]. The problem is especially serious in 
major grain-producing regions, where eutrophication 
in rivers and lakes has intensified and agricultural non-
point source pollution has become a major ecological 
pressure [9]. One key driver is excessive agricultural 
chemical input. Since the 1990s, fertilizer and pesticide 
use in China has increased rapidly; from 1991 to 
2008, chemical nitrogen fertilizer application rose by 
more than 50%, and surplus nitrogen and phosphorus 

were transported into water bodies through runoff, 
accelerating deterioration such as lake eutrophication 
[10]. Influenced by unreasonable fertilization and 
livestock and poultry waste discharges, about half of 
China’s major lakes in the early 21st century experienced 
eutrophication to varying degrees [10]. In recent years, 
however, policies on fertilizer and pesticide reduction 
and non-point source pollution control have partly 
curbed growth in some areas, and signs of a turning 
point have emerged [11]. For example, evidence from 
the Huang–Huai–Hai Plain shows that total agricultural 
non-point source pollution emissions increased during 
2000-2015 but declined slightly after 2015 [9]. These 
changes underscore the need for an updated national-
scale assessment.

To better understand regional environmental 
problems such as agricultural non-point source 
pollution, spatial analytical tools have been increasingly 
used to identify spatial heterogeneity and patterns of 
evolution. Global and local Moran’s I are widely used 
to detect clustering of high- and low-value areas [12]. 
Hu et al. found significant positive spatial correlation in 
agricultural non-point source pollution at the provincial 
scale in China, with most provinces forming either 
high-pollution clusters or low-pollution clusters [5]. 
This suggests that interregional interactions should 
be considered in pollution assessment. For dynamic 
analysis, the spatial Markov chain has been introduced 
to characterize transitions in regional pollution levels 
and their spatial dependence over time [13]. Unlike 
the traditional Markov chain, the spatial Markov chain 
incorporates a spatial weight matrix so that neighboring 
states can influence transition probabilities, overcoming 
the assumption of independent regional evolution [14]. 
Recent studies have increasingly combined the Dagum 
Gini coefficient, kernel density estimation, Moran’s 
I, and spatial Markov chains to examine regional 
disparities and dynamic evolution in agricultural green 
development and pollution indicators, providing useful 
tools for integrated spatiotemporal analysis.

Despite these advances, important gaps remain. First, 
many studies are constrained by limited time spans or 
spatial coverage: some focus on specific provinces or 
regions and lack national comparability, while others 
use national data ending relatively early and cannot 
capture recent changes in pollution loads or management 
outcomes [8]. Second, prior research often emphasizes 
only one dimension ‒ spatial patterns, distributional 
disparities, or temporal trends ‒ while relatively few 
studies integrate multiple methods to jointly analyze 
spatial imbalance, distributional evolution, and 
spatial dynamics. In response, this study uses updated 
provincial data for 2017-2024 to conduct a comprehensive 
assessment of agricultural non-point source pollution 
loads in China. Specifically, we combine Dagum 
Gini decomposition to identify regional disparities 
and their sources, kernel density estimation to track 
distributional changes, global and local Moran’s I to test 
spatial dependence, and spatial Markov chains to model 



Regional Disparities and Spatiotemporal Evolution... 3

spatially conditioned state transitions. By integrating 
these methods, this study addresses limitations in 
temporal coverage and methodological breadth in the 
existing literature and, from the perspective of the nexus 
between straw resource utilization and agricultural non-
point source pollution control, systematically reveals the 
spatiotemporal evolution and spatial differentiation of 
provincial pollution loads in China.

Materials and Methods

Data Sources

This study takes 31 provincial-level administrative 
units in mainland China, including provinces, 
autonomous regions, and municipalities, as the 
observation units, and systematically estimates and 
analyzes the agricultural non-point source pollution 
effects associated with crop straw fertilizer utilization 
since the implementation of the Rural Revitalization 
Strategy. The study period spans 2017-2024. The 
underlying data are mainly drawn from the China 
Statistical Yearbook (2018-2025) and the China Rural 
Statistical Yearbook (2018-2025). Because yearbooks 
compile statistical information for the corresponding 
year, to ensure consistency and comparability of the time 
series, this study follows the official statistical definitions 
and compiles the basic indicators into a provincial panel 
dataset, which is then used for subsequent pollution 
accounting and spatiotemporal analyses.

The analysis focuses on non-point source pollution 
loads generated during crop straw fertilizer utilization 
and selects total nitrogen (TN), total phosphorus 
(TP), and chemical oxygen demand (COD) as the core 
pollutant indicators. This selection is based on three 
considerations. First, TN and TP are the principal 
nutrient pollutants in agricultural non-point source 
pollution and are directly related to nutrient runoff, water 
quality deterioration, and eutrophication risk. Second, 
COD reflects the oxygen-consuming pressure caused 
by the release, transport, and decomposition of straw-
derived organic matter, and therefore complements TN 
and TP by capturing the organic pollution dimension of 
straw fertilizer utilization. Third, TN, TP, and COD are 
widely used in agricultural non-point source pollution 
accounting and environmental policy evaluation in 
China, which improves both the comparability of this 
study with existing literature and the practical relevance 
of the results for pollution-control policy.

Because the present study aims to estimate source-
specific pollution loads attributable to crop straw 
fertilizer utilization rather than total agricultural 
emissions from all sources, the combined use of TN, 
TP, and COD provides a focused and policy-relevant 
indicator system for representing both nutrient-
related and organic environmental risks. In addition, 
no single analytical tool can simultaneously reveal 
pollution-load levels, regional inequality, distributional 

evolution, spatial dependence, and dynamic transition 
characteristics. Therefore, this study combines pollution-
load accounting with Dagum Gini decomposition, kernel 
density estimation, Moran’s I, and spatial Markov chain 
analysis. Specifically, pollution-load accounting is used 
to quantify province-level pollution loads from crop 
straw fertilizer utilization; Dagum Gini decomposition 
is used to identify the magnitude and sources of regional 
disparities; kernel density estimation is used to describe 
distributional changes and tail characteristics; global 
and local Moran’s I are used to test overall and local 
spatial association; and the spatial Markov chain is used 
to characterize state persistence and neighborhood-
conditioned transition probabilities. This integrated 
framework is consistent with the objective of the study, 
namely, to depict the spatiotemporal evolution, regional 
heterogeneity, and spatial dynamic features of non-
point source pollution loads from crop straw fertilizer 
utilization in China.

Accounting for Non-Point Source Pollution Loads

Based on the above indicator system, this study 
further estimates, for each province during 2017-
2024, the pollution loads of total nitrogen (TN), total 
phosphorus (TP), and chemical oxygen demand (COD) 
associated with crop straw fertilizer utilization. The 
resulting provincial panel dataset serves as the basis 
for subsequent inequality decomposition, distributional 
dynamics, and spatial analyses. Major crops in China 
are included when estimating straw production, namely 
rice, wheat, maize, legumes, tubers, oil crops, and 
vegetables.

Let i denote province, t denote year, c denote crop 
type, and p denote pollutant type. The non-point source 
pollution load of pollutant p in province i and year t is 
defined as the sum of contributions across crop types:

	 	

where NPSp,i,t is the non-point source pollution 
load of pollutant p attributable to crop straw fertilizer 
utilization; Yc,i,t is the output of crop c in province i 
and year t; θc is the straw coefficient (straw-to-grain 
ratio) for crop c (Table 1), used to convert crop output 
to straw production; ωp,c is the content parameter of 
pollutant p in the straw of crop c (Table 1); Ei is the 
provincial fertilizer utilization rate of crop straw (Table 
2); and δp is the discharge coefficient of pollutant p. 
Specifically, δTN=15.00%, δTP=2.18%, and δCOD=20.00%. 
All parameters used in the accounting are drawn from 
relevant domestic and international studies [15, 16].

Dagum Gini Coefficient and Decomposition

To characterize the overall level of interprovincial 
disparity in straw-related non-point source pollution 
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loads during 2017-2024 and to further identify the 
sources of inequality, this study applies the Dagum 
Gini coefficient and its decomposition. Compared 
with conventional decomposition schemes, the Dagum 
approach partitions overall inequality into three 
components ‒ within-group inequality, net between-
group inequality, and transvariation intensity ‒ making 
it particularly suitable when distributions overlap across 
groups [17]. Provinces are used as the basic observation 
units, and the sample is divided into G subgroups under 
a predetermined grouping rule (denoted g  =  1,...,G); 
annual estimation and decomposition are conducted 
accordingly.

Let xi,t denote the non-point source pollution 
load of a given pollutant for province i in year t. 
Let the number of provinces be n, and the overall 

mean be . After grouping, the 
sample size of group g is ng, and the group mean 

is . The overall Dagum Gini 
coefficient is defined as:

	 	

Here, |xi,t−xj,t| is the absolute difference in pollution 
load between two provinces. The denominator 
2n2μt standardizes the index by sample size and 
mean level, so that Gt ∈ [0,1]; larger values indicate 
greater interprovincial disparity. Under the grouping 
framework, the Dagum decomposition satisfies:

	 	

where Gw,t is the within-group contribution, Gnb,t 
is the net between-group contribution, and Gtv,t is the 
transvariation (overlap) contribution.

Crop type Straw coefficient
Pollutant content/%

TN TP COD

Wheat 1.381 0.50 0.20 0.60

Rice 0.927 0.60 0.10 0.60

Maize 1.174 0.80 0.40 0.80

Legumes 1.508 1.30 0.30 1.00

Oil crop 2.331 2.00 0.30 1.00

Tubers 0.481 0.30 0.25 0.40

Vegetables 0.071 0.18 0.20 1.00

Table 1. Straw coefficients and pollutant contents in straw by crop type.

Province Utilization rate (%) Province Utilization rate (%)

Anhui 30.30 Jilin 31.10

Fujian 35.50 Jiangsu 31.90

Gansu 26.80 Jiangxi 65.10

Guangdong 41.40 Liaoning 31.10

Guizhou 15.00 Ningxia 7.00

Hainan 38.00 Shandong 23.60

Hebei 47.30 Shanxi 55.70

Henan 34.60 Shaanxi 32.00

Heilongjiang 35.10 Shanghai 47.80

Hubei 38.00 Sichuan 14.30

Hunan 71.00 Zhejiang 23.90

​Note: Provinces not listed in Table 2 adopt the national uniform fertilizer utilization rate of crop straw (36.60%).

Table 2. Provincial fertilizer utilization rates of crop straw in China.
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The within-group component is a weighted sum of 
group-specific within-group Gini coefficients. For group 
g,

	 	

Accordingly,

	 	

This expression uses two weights: reflects the 

share of within-group pairings, and reflects the 
group’s relative pollution level in the overall distribution, 
ensuring that both sample size and pollution level are 
considered.

For any two groups g and h(g≠h), define the average 
absolute difference (“between-group distance”) as:

	 	

To separate “between-group differences driven 
purely by mean gaps” from differences caused by 
distributional overlap, the Dagum method further 
decomposes pairwise differences into positive and 
reverse components. Without loss of generality, assume 
μh,t ≥  μg,t, and define:

	 	

	 	

Here, dgh,t is the average “forward” difference when 
observations in the higher-mean group h exceed those 
in group g, whereas pgh,t captures the average “reverse” 
difference (reflecting overlap). By definition,

and the difference between forward and reverse 
components equals the mean gap:

Based on these relationships, the net between-
group contribution and transvariation contribution are 
expressed as:

	 	

	 	

The first term reflects the role of between-group 
mean gaps, while the second term captures the 
contribution of distributional overlap across groups.

Kernel Density Estimation

To describe, from a continuous-distribution 
perspective, the distributional shape and evolution of 
provincial straw-related non-point source pollution loads 
since the Rural Revitalization Strategy (2017-2024), 
this study applies kernel density estimation (KDE) 
to the cross-sectional sample of 31 provinces in each 
year [18]. Compared with discrete grouping methods 
(e.g., histograms), KDE does not impose a parametric 
distribution and provides a smoothed representation of 
concentration, skewness, tail behavior, and potential 
multimodality. This allows more intuitive identification 
of distributional shifts (upward or downward), changes 
in dispersion, and possible polarization.

Let xi,t denote the pollution load of a given pollutant 
for province i in year t(unit: 104 tons), and let n  =  31. 
The KDE for year t is:

	 	

where is the estimated density at x; K(·) is the 
kernel function (a Gaussian kernel is used); and ht>0 
is the bandwidth parameter controlling smoothness. 
A large bandwidth may over-smooth the curve and 
mask distributional details, whereas a small bandwidth 
can produce excessive fluctuations and reduce 
interpretability. Given the limited cross-sectional sample 
size and the possibility of skewness and extreme values, 
Silverman’s rule of thumb is adopted to determine ht, 
improving robustness and ensuring comparability across 
years:

	 	

where σt is the standard deviation in year t, 
IQRt  =  Q75,t−Q25,t is the interquartile range, and 
IQRt/1.34 serves as a robust alternative to the standard 
deviation to reduce sensitivity to extreme values.
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Spatial Autocorrelation Analysis

Specification of the Spatial Weight Matrix

Spatial statistical analysis requires a spatial weight 
matrix W  =  [wij] to represent spatial adjacency and 
potential interactions between provinces i and j. This 
study constructs a contiguity-based provincial adjacency 
matrix: wij  =  1 if provinces i and j share a common 
border, and wij  =  0 otherwise; diagonal elements are set 
to wii  =  1. To interpret the spatial lag as a neighborhood 
average, the matrix is row-standardized:

	 	

where n  =  31. After row standardization, the 
weights in each row sum to 1. The spatial lag term 

 can thus be interpreted as the 
weighted average pollution level of provinces adjacent 
to province i.

Global Spatial Autocorrelation

Global Moran’s I is used to test whether provincial 
pollution loads exhibit overall spatial clustering. For 
year t, Moran’s I is defined as:

	 	

where  is the provincial mean 

in year t, and  is the sum of all 
weights. When It  >0, similar values tend to cluster 
(High–High or Low–Low adjacency); when It  <0, 
dissimilar values tend to be adjacent; and when It is close 
to 0, overall clustering is weak. Statistical significance 
is assessed using a random permutation test: observed 
values are randomly permuted across provinces 
while keeping the set of values unchanged, Moran’s 
I is recalculated repeatedly to form an empirical null 
distribution, and a p-value is obtained accordingly.

Local Spatial Autocorrelation

To identify local hotspot and coldspot patterns, local 
Moran’s I(LISA) is used for local clustering diagnostics. 
For province i in year t, local Moran’s I is defined as:

	 	

where,  is the 
variance term. Significance can likewise be evaluated 
via permutation tests. Based on the sign combination of 
the local statistic and standardized values, local spatial 
association is classified into “High–High”, “Low–Low”, 
“High–Low”, and “Low–High” types, which helps 
identify potential pollution hotspots and spatial outliers.

Spatial Markov Chain Analysis

Building on the spatial autocorrelation assessment, 
a spatial Markov chain model is introduced to further 
characterize the dynamic evolution of straw-related 
non-point source pollution loads and to examine spatial 
conditioning effects. By combining the “state transition” 
framework of a traditional Markov chain with 
neighborhood information, the spatial Markov approach 
tests whether the probabilities of staying in the same 
pollution state, moving upward, or moving downward 
differ systematically under different neighborhood 
pollution contexts. This provides evidence on whether 
the interprovincial evolution of pollution loads is shaped 
by spatial dependence.

State Classification and Construction 
of Local State Variables

Let xi,t denote the pollution load of province i in 
year t. A quantile-based method is applied to divide the 
provincial sample in each year into four quartile states 
from low to high:

	 	

For ease of interpretation, the four states are labelled 
LL, L, H, and HH, where Si,t  =  1 represents the lowest 
pollution level (LL) and Si,t  =  4 represents the highest 
pollution level (HH). Quartile classification ensures 
that state sizes remain relatively balanced even with a 
limited sample, improving the stability of transition 
probability estimation.

As a benchmark, the conventional (unconditional) 
Markov transition probability matrix is first estimated. 
For a one-year transition step:

	 	

which forms a 4×4 unconditional transition matrix 
P  =  [pmn].

Construction of Neighborhood State Variables

The defining feature of the spatial Markov chain is 
to condition transitions on neighborhood context. Based 
on the row-standardized weight matrix W  =  [w*

ij], the 
spatial lag is constructed as:
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where (Wx)i,t represents the neighborhood pollution 
level of province i in year t. To align with the 
discretization of local states, the same quartile method 
is used to classify (Wx)i,t into four neighborhood states:

	 	

Estimation of Conditional Transition 
Probability Matrices

Conditional on neighborhood state k, the spatial 
Markov chain describes transitions of the local state. 
The conditional transition probability is:

Empirically, transition frequencies under WState 
ei,t  =  k are counted:

and conditional transition probabilities are computed 
as:

	 	

This yields four 4×4 conditional transition matrices 
. Comparing diagonal probabilities 

with off-diagonal probabilities across different k helps 
evaluate whether neighborhood context alters the 
evolution tendency of local pollution states.

Summary Indicators for Staying, Upward, 
and Downward Transitions

Because cell-by-cell comparison of conditional 
matrices can be cumbersome, three summary indicators 
are constructed: staying, upward transitions, and 
downward transitions. For any neighborhood state k,

The total number of transitions is:

	 	

Accordingly, the probabilities are:

	 	

	 	

Study Region Division

To characterize regional differences in straw-
related non-point source pollution loads under different 
development stages and resource endowments, and 
to facilitate regional comparison and inequality 
decomposition, the 31 provincial-level units are divided 
into four major regions ‒ Eastern, Central, Western, and 
Northeastern China ‒ following a widely used regional 
classification in national statistics and regional studies 
[19]. This division maintains statistical consistency 
while reflecting the major structural differences across 
China’s regions.

Specifically, the Eastern region includes Beijing, 
Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, 
Shandong, Guangdong, and Hainan; the Central region 
includes Shanxi, Anhui, Jiangxi, Henan, Hubei, and 
Hunan; the Western region includes Inner Mongolia, 
Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Tibet, 
Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang; and 
the Northeastern region includes Liaoning, Jilin, and 
Heilongjiang.

Results

Annual Trends in National Non-
point Source Pollution Loads from 
Crop Straw Fertilizer Utilization

At the national level, non-point source pollution 
loads from crop straw fertilizer utilization showed 
an overall upward trend during 2017-2024, with faster 
growth in the later years. The three pollutants followed 
a similar pattern: slight decline or near stability in 
2017-2018, a shift to growth after 2019, and clearer 
increases during 2022-2024 (Fig. 1). For total nitrogen 
(TN), the estimated load increased from 35.02 to 38.82 
(104 t), an absolute increase of 3.80 (104 t) (10.85%). TN 
declined slightly from 35.02 to 34.87 (104 t) in 2017-
2018, then rose continuously after 2019, with relatively 
larger annual increments in 2022-2024. This indicates 
a continued accumulation of nitrogen-related pollution 
loads alongside the expansion or adjustment of straw 
fertilizer utilization. Total phosphorus (TP) remained 
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much smaller than TN and COD in absolute magnitude, 
but also increased steadily. It rose from 1.68 to 1.88 (104 
t) during 2017-2024, an increase of 0.20 (104 t). After 
minor fluctuations in 2017-2018, TP increased year by 
year, suggesting a parallel rise in phosphorus-related 
pollution risk nationwide, although the absolute increase 
was moderate. Chemical oxygen demand (COD) was 
the largest pollutant throughout the period and also 
increased substantially, from 44.60 to 49.33 (104 t), with 
an absolute increase of 4.73 (104 t). Similar to TN, COD 
declined slightly in 2017-2018 (44.60 to 44.44 (104 t)) and 
then increased continuously after 2019, with relatively 
strong growth in 2023-2024. This suggests a clear scale 
effect in pollution loads associated with organic matter 
release during straw fertilizer utilization.

Interprovincial Disparities and 
Source Decomposition

Table 3 highlights two core features of the provincial 
distribution: interprovincial inequality remained 
persistently high throughout 2017-2024, and between-
region differences consistently contributed more to 
overall disparity than within-region differences. The 

overall Gini coefficient ranged from 0.509 to 0.517, 
indicating persistent and visible interprovincial 
disparities in pollution loads throughout the study 
period. Temporally, the overall Gini was 0.514 in 2017, 
rose slightly to 0.516~0.517 during 2018-2020, and 
then gradually declined to 0.509 in 2024. Although 
the change was small, interprovincial inequality 
weakened marginally in the later years. Decomposition 
results show that overall inequality was driven mainly 
by between-region differences. The between-group 
component (Gb) ranged from 0.276 to 0.289 and remained 
consistently higher than the within-group component 
(Gw, 0.103~0.105), indicating that regional differences 
in average pollution-load levels contributed more to 
total inequality than disparities within regions. Gb 
declined gradually from 0.289 in 2017 to 0.276 in 2024, 
suggesting a slow narrowing of regional gaps, although 
they remained the dominant source of inequality. 
Within-group inequality was largely stable. Gw varied 
only slightly (0.103~0.105), implying no pronounced 
expansion or contraction of disparities within regions 
during 2017-2024. By region, the Eastern region had 
the highest within-group Gini, indicating the largest 
internal disparities. The Western region ranked second 

Year Total Gw Gb Gt Eastern Central Western Northeastern

2017 0.514 0.103 0.289 0.122 0.620 0.237 0.447 0.241

2018 0.516 0.105 0.288 0.124 0.615 0.244 0.455 0.265

2019 0.517 0.105 0.286 0.125 0.615 0.248 0.463 0.245

2020 0.517 0.105 0.288 0.124 0.615 0.251 0.459 0.253

2021 0.513 0.104 0.285 0.124 0.613 0.241 0.460 0.239

2022 0.514 0.104 0.286 0.124 0.611 0.245 0.458 0.246

2023 0.510 0.104 0.281 0.125 0.608 0.240 0.465 0.240

2024 0.509 0.105 0.276 0.128 0.609 0.241 0.467 0.246

Table 3. Gini coefficient of total non-point source pollution loads from crop straw fertilizer utilization in China.

Fig. 1. Total non-point source pollution loads from crop straw fertilizer utilization in China, 2017-2024.
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and increased from 0.447 in 2017 to 0.467 in 2024, 
suggesting widening internal differences. In contrast, 
the Central and Northeastern regions had lower within-
group Gini coefficients, indicating relatively smaller 
internal disparities. The transvariation component (Gt) 
ranged from 0.122 to 0.128 and increased slightly in 
the later years (0.128 in 2024). This suggests persistent 
overlap in interregional distributions: some provinces 
in different regions had similar pollution-load levels, 
so regional classification alone could not fully separate 
overall disparities. Taken together, the modest decline 
in total inequality appears to be mainly associated with 
narrowing between-region gaps, while within-region 

disparities and distributional overlap changed only 
slightly.

Interprovincial Distribution and its Changes

Fig. 2 shows kernel density curves of provincial 
pollution loads for 2017, 2019, 2021, 2023, and 2024. 
The curves are broadly similar across years and exhibit 
a clear right-skewed distribution: density is concentrated 
in the low-value range and gradually declines toward 
a long right tail. This indicates that most provinces 
remained at relatively low pollution-load levels, while 
a small number stayed at higher levels and extended 
the upper tail. Across all years, the distribution has a 

Fig. 2. Kernel density curves of non-point source pollution loads from crop straw fertilizer utilization.

Year
Adjacency matrix Economic-geographic nested matrix

Moran’s I z-value p-value Moran’s I z-value p-value

2017 0.013 0.389 0.349 -0.149 -1.267 0.103

2018 0.022 0.469 0.320 -0.153 -1.307 0.096

2019 0.021 0.459 0.323 -0.151 -1.285 0.099

2020 0.021 0.458 0.324 -0.155 -1.324 0.093

2021 0.021 0.462 0.322 -0.149 -1.261 0.104

2022 0.021 0.460 0.323 -0.152 -1.298 0.097

2023 0.032 0.554 0.290 -0.152 -1.299 0.097

2024 0.029 0.529 0.298 -0.152 -1.300 0.097

Table 4. Global spatial autocorrelation test results (global Moran’s I) for non-point source pollution loads from crop straw fertilizer 
utilization, 2017-2024.
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pronounced main peak in the low-value range, indicating 
that low-load provinces consistently accounted for a large 
share of the sample. From 2017 to 2024, however, the 
main peak became slightly lower and wider, implying a 
modest decline in low-value concentration and a broader 
spread into the low-to-medium range. In addition, a 
secondary peak or shoulder around 3~4 (104 t) appears 
in most years, suggesting a mild layered structure with a 
subset of provinces remaining at medium load levels. At 
the high end, the right tail around 9~10 (104 t) is thicker 
in 2023 and 2024 than in earlier years, indicating that 
high-load provinces became somewhat more prominent 
in the later period and may have experienced load 
accumulation.

Results of Global Spatial Autocorrelation Tests

Table 4 shows that the main conclusion is robust 
to alternative spatial weight matrices: regardless of 
matrix specification, global spatial dependence remains 
weak and statistically insignificant at the national 
scale. To test whether the conclusion on global spatial 
autocorrelation is sensitive to the specification of the 
spatial weight matrix, this study re-estimated the 
global Moran’s I using an economic–geographic nested 
matrix in addition to the baseline adjacency matrix. As 
shown in Table 4, the sign and magnitude of Moran’s 
I differ to some extent across the two matrices, but the 
overall conclusion remains unchanged: no statistically 
significant global spatial clustering is observed at the 
national level during 2017-2024. Under the adjacency 
matrix, Moran’s I is positive in all years, ranging from 
0.013 to 0.032, with z-values between 0.389 and 0.554 
and p-values consistently above 0.10 (0.290-0.349). 
This indicates only a weak positive spatial association 
tendency among geographically adjacent provinces, 
which is not statistically significant. Moreover, the 
year-to-year variation is small. Although Moran’s I 
shows a slight increase in 2023–2024 (0.032 and 0.029, 
respectively), the strength of spatial dependence remains 
too weak to support a significant global clustering 
pattern. Under the economic–geographic nested 
matrix, Moran’s I is negative in all years, ranging from 
−0.155 to −0.149, with z-values from −1.324 to −1.261 
and p-values between 0.093 and 0.104, i.e., close to 
but not consistently below the 10% significance level. 
This suggests a weak negative spatial association 
tendency (spatial dispersion/mismatch) when both 
economic linkages and geographic proximity are jointly 
considered. In other words, provinces with relatively 
high pollution loads are not necessarily surrounded by 
economically and geographically connected provinces 
with similarly high loads; instead, heterogeneous 
neighboring relationships may exist. This pattern 
implies that the spatial distribution of non-point source 
pollution loads from straw fertilizer utilization is 
shaped not only by geographic proximity, but also by 
differences in cropping structure, resource endowment, 
utilization practices, and regional governance capacity, 

which jointly weaken homogeneous clustering at the 
national scale.

Overall, the alternative-matrix robustness test 
supports the central conclusion of this study that 
global spatial dependence is weak and that local spatial 
pattern identification is more informative. Although 
the choice of spatial weight matrix affects the sign and 
numerical value of Moran’s I (weakly positive under 
the adjacency matrix versus weakly negative under 
the economic–geographic nested matrix), the lack of 
strong statistical significance under both specifications 
indicates that the main conclusion does not rely on a 
single matrix setting. Therefore, subsequent analyses of 
local spatial heterogeneity (LISA) and spatial dynamic 
evolution (spatial Markov chain) remain necessary and 
substantively meaningful.

Patterns of Local Spatial Autocorrelation

Although the global Moran’s I statistics do not 
reach conventional significance levels, the local spatial 
autocorrelation results help identify whether a small 
number of provinces exhibit relatively stable local 
clustering or local outlier patterns (Fig. 3). Based on 
the LISA cluster maps and corresponding significance 
tests for 2017, 2019, 2021, and 2024, most provinces are 
“not significant” in each year. This is consistent with 
the global results and indicates no clear pattern of large 
contiguous clusters at the national scale. At the same 
time, a small number of provinces show relatively stable 
local types across years.

First, the High–High (H–H) type shows notable 
stability. From 2017 to 2024, Anhui is consistently 
classified as H–H and statistically significant in each 
reported year. Fujian, Shandong, and Hubei also remain 
significant H–H provinces across the four years. This 
indicates that these provinces had relatively high 
pollution loads and were surrounded by provinces with 
similarly high loads, forming a stable local pattern 
of “high values next to high values”. It should be 
emphasized that this reflects spatial co-location rather 
than causal interprovincial influence.

Second, the Low–Low (L–L) type is relatively 
concentrated in the southwest and is also stable. Sichuan 
and Yunnan are consistently classified as L–L and 
statistically significant in 2017, 2019, 2021, and 2024, 
suggesting that both provinces and their neighbors 
remained at relatively low pollution-load levels.

Third, the Low–High (L–H) type mainly reflects 
local outliers. Shanxi is consistently classified as L–H 
and statistically significant in all four years, indicating 
comparatively low local loads but relatively high 
neighboring loads. In practical terms, such provinces 
merit attention because they are embedded in higher-
load surroundings, although whether substantive 
spillover or transmission exists requires further evidence 
from the dynamic analysis.



Regional Disparities and Spatiotemporal Evolution... 11

State Transitions under Different 
Neighborhood Conditions

Tables 5 and 6 jointly show that provincial pollution 
states are characterized by strong persistence, while 
high-neighborhood contexts are associated with 
relatively more active upward transitions among 
medium-to-high load provinces. As shown in Table 5, 
all neighborhood-conditioned transition matrices exhibit 
clear diagonal dominance, meaning that the probability 
of remaining in the same local state is generally 
high. This indicates strong persistence in provincial 

pollution states from one year to the next. Under an LL 
neighborhood context, for example, the probabilities of 
remaining in LL, L, and H are 0.964, 0.909, and 1.000, 
respectively. Similarly, under L or H neighborhood 
contexts, staying probabilities for LL, L, and H are 
mostly within 0.923~1.000. Overall, provincial pollution 
levels changed infrequently during 2017-2024, and most 
changes were small adjustments around existing levels.

The summary results in Table 6 confirm this 
pattern. Across the four neighborhood contexts, staying 
probabilities are 0.964 (LL), 0.981 (L), 0.981 (H), and 
0.925 (HH), all substantially higher than upward and 

Fig. 3. Local spatial autocorrelation clustering distribution of non-point source pollution from straw fertilizer utilization in 2017, 2019, 
2021, and 2024.
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downward transition probabilities. Thus, regardless 
of neighborhood context, one-year state evolution is 
dominated by persistence. Table 6 also shows that 
upward transition probabilities exceed downward 
probabilities in all four neighborhood types, while 
downward transitions are zero under LL, L, and H 
contexts. This suggests that downward movements were 
rare in the observed transitions. By contrast, upward 
probabilities are 0.036, 0.019, and 0.019 under LL, L, and 
H neighborhoods, respectively, indicating occasional 
upward shifts even in low- to medium-neighborhood 
contexts.

Under the HH neighborhood context, the upward 
probability increases to 0.057, and a non-zero downward 
probability appears (0.019). Combined with Table 5, 
under HH neighborhoods a province in state H has 
a 0.333 probability of moving up to HH. Provinces 
already in HH remain highly persistent (0.963), but 
still have a 0.037 probability of moving down to H. 
This indicates that state transitions among higher-load 

provinces become more active under high-neighborhood 
conditions, with upward shifts being more common, 
although some downward adjustment is also present.

A comparison of key transitions across neighborhood 
types further suggests that neighborhood effects 
are more pronounced for higher states (H and HH). 
Under LL neighborhoods, the local H state is fully 
persistent (1.000). Under H neighborhoods, the staying 
probability of the local H state declines to 0.667 and the 
probability of moving up to HH rises to 0.333. Under 
HH neighborhoods, the staying probability of the local 
H state is 0.885, with a continuing probability of moving 
up to HH (0.115). These results indicate that when 
neighboring provinces are at relatively high pollution 
levels, provinces already in medium-to-high states are 
more likely to move upward.

Neighborhood type Local state LL L H HH

LL

LL 0.964 0.036 0.000 0.000

L 0.000 0.909 0.091 0.000

H 0.000 0.000 1.000 0.000

HH 0.000 0.000 0.000 0.000

L

LL 0.923 0.077 0.000 0.000

L 0.000 1.000 0.000 0.000

H 0.000 0.000 1.000 0.000

HH 0.000 0.000 0.000 1.000

H

LL 1.000 0.000 0.000 0.000

L 0.000 1.000 0.000 0.000

H 0.000 0.000 0.667 0.333

HH 0.000 0.000 0.000 1.000

HH

LL 0.000 0.000 0.000 0.000

L 0.000 0.000 0.000 0.000

H 0.000 0.000 0.885 0.115

HH 0.000 0.000 0.037 0.963

Table 5. Conditional transition probability matrices of pollution states under different neighborhood contexts.

Neighborhood type Number of 
transitions

Stay 
count

Upward 
count

Downward 
count

Stay 
probability

Upward 
probability

Downward 
probability

LL 56 54 2 0 0.964 0.036 0.000

L 54 53 1 0 0.981 0.019 0.000

H 54 53 1 0 0.981 0.019 0.000

HH 53 49 3 1 0.925 0.057 0.019

Table 6. Summary of transition directions and probabilities under spatial conditioning.



Regional Disparities and Spatiotemporal Evolution... 13

Discussion

This study shows that China’s non-point source 
pollution loads associated with crop straw fertilizer 
utilization increased slowly during 2017-2024, with 
COD accounting for the largest share and TP the 
smallest. This pollutant structure is closely related to the 
material characteristics of straw itself: the expansion of 
straw return and related fertilizer utilization increases 
organic matter inputs to cropland, thereby making COD 
the dominant component, whereas the relatively low 
phosphorus content in straw constrains TP loads [20]. 
At the same time, the observed upward trend should be 
interpreted as source-specific evidence rather than as a 
contradiction of broader studies reporting stabilization 
or decline in overall agricultural non-point source 
pollution intensity [21]. Many macro-level studies 
evaluate multiple pollution sources and longer time 
spans and are therefore more likely to capture the effects 
of fertilizer reduction, pesticide control, and livestock 
pollution management. By contrast, the present study 
isolates crop straw fertilizer utilization as one specific 
pathway under the Rural Revitalization period [21]. 
This distinction is important from a policy perspective, 
because it suggests that progress in controlling some 
agricultural pollution sources does not automatically 
imply simultaneous decline in all source-specific 
environmental risks.

Importantly, straw fertilizer utilization involves 
both environmental benefits and environmental risks. 
When properly managed, it can increase soil organic 
matter, improve nutrient-use efficiency, and reduce 
chemical fertilizer demand and nutrient losses [22, 
23]. For example, in double-rice systems, optimized 
fertilization combined with straw incorporation reduced 
N and P losses in surface runoff by about 20.1% and 
11.5%, respectively, without yield loss [24]. Therefore, 
the observed increase in total loads does not negate 
the ecological value of straw utilization; rather, it 
underscores the importance of improving management 
practices so that the benefits of straw return can be 
realized more consistently and at lower pollution risk.

The provincial distribution of straw-related pollution 
loads is highly uneven, and the Dagum decomposition 
shows that between-region differences are the dominant 
source of total inequality, while the Eastern region 
exhibits the largest within-region disparity. This pattern 
is closely related to interprovincial heterogeneity in 
agricultural production structure, cultivated scale, and 
resource endowment. In the East, major grain-producing 
provinces such as Shandong and Jiangsu generate 
large volumes of straw and sustain relatively intensive 
agricultural production, whereas municipalities or 
coastal provinces such as Shanghai and Hainan have 
much smaller agricultural sectors and lower straw-
related load bases. As a result, high-load and low-load 
provinces coexist within the same region, widening 
internal disparities [25]. This interpretation is broadly 
consistent with the wider literature showing pronounced 

regional differentiation in agricultural emissions and 
environmental pressures [26], but our results further 
indicate that internal heterogeneity within economically 
advanced regions deserves more policy attention than 
simple east-west comparisons. The kernel density results 
reinforce this conclusion by showing a persistent right-
skewed distribution and a long high-load tail, which 
implies that a limited number of provinces account 
for a disproportionate share of total loads. Therefore, 
regionally differentiated governance should combine 
broad regional strategies with more targeted intervention 
for provinces located in the high-load tail [25].

At the national scale, global Moran’s I is not 
statistically significant, indicating weak overall spatial 
autocorrelation in straw-related pollution loads. 
However, this should not be interpreted as an absence of 
spatial structure. Local Moran’s I still identifies relatively 
stable hotspot and coldspot provinces, indicating that 
source-specific pollution loads can display meaningful 
local clustering even when a nationwide clustering 
signal is weak. One reason is that crop straw fertilizer 
utilization depends strongly on cropping systems, 
crop composition, straw output, and local agronomic 
practices, which are unevenly distributed across 
China. Another reason is heterogeneity in policy 
implementation and governance capacity: provinces 
may respond differently to straw-return promotion, 
agricultural green development programs, and non-point 
source pollution control requirements. As a result, high-
load provinces are not necessarily arranged in one large 
contiguous belt but may instead form several relatively 
independent local clusters. Compared with studies based 
on broader agricultural pollution indicators and longer 
time windows, this source-specific and shorter-period 
framework is therefore more likely to reveal weak 
global dependence but persistent local structure. From 
a governance perspective, the key implication is that 
place-based intervention remains necessary even when 
global spatial statistics are not significant.

The spatial Markov results indicate strong state 
persistence and show that neighborhood context 
is associated with transition probabilities. Across 
neighborhood types, the probability of remaining in 
the same state is consistently high, implying limited 
cross-state movement and relatively small year-to-
year fluctuations. This is consistent with evidence that 
agricultural non-point source pollution categories tend 
to be stable over time [21], and with related spatial 
studies of agricultural carbon emission intensity 
showing persistent high- and low-state areas [26]. Such 
persistence likely reflects shared resource endowments, 
production structures, and policy environments among 
neighboring provinces, which can sustain stable clusters 
of environmental performance. From a governance 
perspective, this implies that breaking persistent high-
load patterns requires coordinated regional intervention 
rather than isolated provincial action. If only one high-
load province acts while neighboring provinces do not, 
the probability of shifting to a lower state may remain 
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limited. By contrast, coordinated action across clustered 
high-load areas is more likely to change transition 
probabilities and reduce persistence.

Taken together, the present findings contribute to 
the broader literature by showing that environmental 
effects of straw resource utilization are not one-
dimensional. Crop straw fertilizer utilization remains 
an important pathway for reducing open burning, 
recycling nutrients, and supporting green agricultural 
development, but its environmental performance 
depends strongly on management quality and regional 
conditions. In this sense, the policy challenge is not 
whether straw should be utilized, but how it should be 
utilized under different production structures, ecological 
constraints, and governance capacities. The source-
specific perspective adopted here therefore complements 
broader intensity-based studies by revealing that short-
term increases in one pollution source may coexist with 
overall improvement in aggregate agricultural pollution 
indicators.

Second, pronounced regional disparities imply 
that pollution control should move beyond uniform 
promotion targets and adopt more differentiated and 
targeted governance arrangements. High-load provinces 
face greater environmental pressure and should receive 
priority support. These provinces often have both 
large straw outputs and high utilization rates, and 
may benefit most from technical and financial support 
for improved processing and utilization technologies 
(e.g., higher-quality organic fertilizer production or 
bioenergy pathways) to reduce direct field loading. 
By contrast, low-load provinces ‒ often economically 
developed areas with smaller agricultural shares 
‒ should consolidate gains and share management 
experience. Given the large internal disparities within 
the Eastern region, regional cooperation mechanisms 
are also needed, including coordinated programs and 
technology diffusion from better-performing provinces 
to neighboring high-load provinces.

Finally, local clustering patterns and spatial 
Markov results highlight the need for cross-boundary 
joint prevention and control. High–high clusters may 
span provincial borders, especially in contiguous 
grain-producing areas, making basin- or regional-
scale coordination more effective than fragmented 
governance. Policy design could include coordinated 
mitigation targets, ecological compensation, earmarked 
green-development transfers, and stronger technical 
support to alter transition probabilities in persistent 
high-load areas. Prior evidence suggests that even after 
considering spatial effects, provincial pollution levels 
tend to remain stable with only small fluctuations, 
implying that major improvements in regional imbalance 
are unlikely without policy intervention [26]. At the 
same time, stable Low–Low clusters indicate that some 
regions have formed a virtuous cycle and can serve as 
demonstration zones for broader diffusion of effective 
management practices.

Limitations and Future Research Directions

Several limitations should be noted. First, this 
study is designed as a source-specific spatiotemporal 
pattern analysis of pollution loads from crop straw 
fertilizer utilization, rather than a determinant-
oriented econometric investigation. Accordingly, the 
analysis focuses on load accounting, regional disparity 
decomposition, spatial association, and neighborhood-
conditioned dynamic transitions, but does not estimate 
the marginal effects of economic development, 
agricultural production structure, cropping intensity, or 
environmental policy implementation on pollution loads. 
These factors are nonetheless important for explaining 
interprovincial heterogeneity [27]. Future research can 
build on the present framework by introducing richer 
explanatory variables and applying spatial panel models 
(e.g., SAR, SEM, or SDM) to examine the driving 
mechanisms and policy effects more explicitly.

Second, the pollution-load estimates depend on 
parameter assumptions (e.g., pollutant content and 
discharge coefficients). In the present study, these 
parameters mainly act as scaling terms within the 
accounting framework. We therefore focus on pattern 
identification rather than full uncertainty propagation. 
Although this choice does not alter the core contribution 
of the paper, future work should incorporate finer-scale 
parameter uncertainty (especially province- and crop-
specific coefficients) and apply scenario-based or Monte 
Carlo sensitivity analysis to assess uncertainty bounds 
more comprehensively [28].

Third, the interpretation of spatial dependence 
is affected by indicator definition, time window, and 
spatial weight matrix specification. This study has added 
an alternative matrix robustness check and finds that 
the core conclusion ‒ weak global spatial dependence 
but meaningful local structure ‒ remains unchanged. 
However, different matrix constructions may still 
alter the sign or magnitude of global Moran’s I [29]. 
Future studies can compare additional matrix forms 
(e.g., distance-based, k-nearest-neighbor, or flow-based 
matrices) to better represent interprovincial interactions 
relevant to straw utilization and pollution transport.

Finally, this study focuses on pollution loads 
associated with crop straw fertilizer utilization and does 
not directly compare all straw utilization pathways (e.g., 
feed, fuel, industrial uses) within one unified framework. 
As a result, the findings should be interpreted as source-
specific evidence rather than a complete assessment of 
all straw-related environmental impacts. Future research 
should integrate multiple straw utilization pathways 
and jointly evaluate trade-offs among air pollution 
mitigation, water-environment risks, and resource 
efficiency [30].
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Conclusions

This study examined the spatiotemporal evolution 
of non-point source pollution loads from crop straw 
fertilizer utilization in China during 2017-2024 using 
an integrated analytical framework. The results show 
that national pollution loads increased slowly over the 
study period, with COD contributing the largest load, 
followed by TN, while TP remained comparatively 
small. Interprovincial disparities remained pronounced, 
and overall inequality was driven mainly by between-
region differences, although regional gaps narrowed 
slightly over time. The provincial distribution remained 
right-skewed, with most provinces concentrated at low 
load levels and a limited number of provinces forming 
a persistent high-load tail. Global spatial autocorrelation 
was weak and statistically insignificant under both the 
adjacency matrix and the economic–geographic nested 
matrix, indicating no strong nationwide clustering. 
However, local spatial analysis identified stable 
hotspot and coldspot provinces, and the spatial Markov 
results further showed strong state persistence, with 
neighborhood context affecting transition probabilities, 
especially for provinces in medium-to-high pollution 
states. Overall, the findings indicate that crop straw 
fertilizer utilization should be understood as a source-
specific environmental issue: although it contributes 
to straw recycling and the reduction of open burning, 
its associated pollution pressures do not automatically 
decline in the short term. Therefore, policy efforts 
should combine straw resource utilization with improved 
agronomic management, differentiated regional 
governance, and cross-boundary coordination in locally 
clustered high-load areas.
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